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Section 1. Machine Learning in Fundamental Physics

HoGeneBcKas npemus 1o pusuke 2024: moueMy eé moaydmau He u3uKku, i Kak pusnuecKkue NpHHINNIEI JIETIH
B OCHOBY M€TO/I0B MallITUHHOT0 00yUeHHs

C.A./loneHko
HUHAP MT'Y umeHu M.B.JlomoHOC08A

IIpuUrIaneHHBIHA JOKIa

PemmeHue Ho6esleBCKOro KOMUTETa IPUCYAUTE IIpeMHUI0 110 Gusuke 2024 roza [pxoHy Xonduiany (John Hopfield) u Joxkebdpu XuHTOHY
(Geoffrey Hinton) BeI3BajIo ropsg4He CIIOPBL. FIMeHa 3THX yUEHBIX IIIMPOKO U3BECTHBI B CO0OILIeCTBE, 3aHUMAaOIeMCsl MaIlllTiHHBIM
o6ydeHHEM U UCKYCCTBEHHBIM HHTEJIJIEKTOM, HO II0UTH He3HaKOMBI Hu3suKaM. O6a OHU — JIFOAH C IIMPOKKUM KPYTOM Hay4HBIX HHTEPECOB U
paboT B pasHBIX 06/1aCTAX 3HAHUA, HO... OHH He pu3UKuU! Kak sKe MOIJIO IIOJIYUYHUTHCS, YTO caMasd IIPeCcTIDKHAS B MUPe IIPeMH 110 QU3HKe
6bL1a OTAaHa JII/AM, paboTaroLIMM X0TS U B €CTeCTBeHHBIX, HO B IPYTUX HayKax? SIBJIgeTcs JIK 3Ta IIPeMUs IIPOCTO CJIe/[CTBHEM 06II[ero
BCILIeCKa 06IIeCTBEHHOI0 MHTepeca K MeTo/jaM UCKYCCTBEHHOT0 MHTeJ//IeKTa X MAIlTMHHOIO 00yUeHHs], HUIH 3T0 GaKTH4IecKoe IIpHU3HaHUe
He CJIMIIKOM M3BeCTHOIro $aKTa, 4TO B OCHOBE MHOTHMX MeTO/I0B MAIlIMHHOIO 060y4YeHHs JiesKaT OTKPBITHSA U MHCTPYMEHTHI UCC/IeJ0BaHUs
He TOJIbKO 13 HeMPOOHOJIOTHH ¥ KOTHUTUBHBIX HayK, HO U U3 Gusuku? IlorrpobyeM pasobpaThCs.

3. IIpumeHeHue rpadOBBIX HEIPOHHEBIX CeTell 111 cerMeHTaIi XUTOB B I'TYy00OKOBOAHOM HEMTPUHHOM
Tesreckone Baikal-GVD

Jlee Ocaoduuii (1), HeaH Xapyxk (2,3)
(1) gpusuueckuii paxyromem MI'Y um. M. B. JomoHocoea, (2) HAH PAH, (3) M®TH

HcctenyeTcst puMeHeHMe TPapOBhIX HEHPOHHEBIX CETeH JIsT CETMEeHTAIINH CUTHAJIBHBIX XHTOB Ha (pOHe OIITHYECKOTO IITyMa B TaHHBIX
Tesieckolra Baikal-GVD. B pa6oTe cpaBHHBAIOTCS apXUTEKTYPHI Ha OCHOBe I'PadOBEIX CBEPTOK, MEXaHM3MOB BHUMAaHUS U IIapaJUrMbl
Message Passing. PaccMaTpHBaloTCsI 0CO6€HHOCTH a/IalITaIliK Mo/iesIel K JaHHBIM JIeTeKTOPa, B YaCTHOCTH — HCII0JIb30BaHUe GUHATBHBIX
TIOJTHOCBSI3HBIX CJIOEB JISI COXPaHEeHUs PasIMIUMOCTH IPU3HAKOB MeXKy y3IaMu. Ha 0CHOBe aHa/IM3a METPHK OIIpe/iesIeHbl Hanboiee
abdeKTUBHEIE ITOXO/BI M GYHKIIMH arperaliyy JJIs1 BBI/IeIeHHSI II0JIe3HOTO CUTHAIA.

14. Kohn-Sham Spectral Embedding on Sparse Graphs at the Nishimori Temperature for Image Classification

Vasiliy Stanislavovich Usatyuk(1,2), Denis Alekseevich Sapozhnikov(1), Sergei Ivanovich Egorov(2)
(1) T8 LLC, Moscow, Russia, (2) SWSU University, Kursk, Russia

We present a physics-inspired spectral embedding framework that compresses high-dimensional image classifiers by mapping deep CNN
features onto random-bond Ising models (RBIM) defined on sparse quasi-cyclic LDPC graphs at the Nishimori temperature [1,2]. Leveraging a
Kohn-Sham-like self-consistency principle within an effective density functional theory (DFT) formulation [3], we construct a regularized
graph Laplacian whose spectral structure captures global feature correlations. To avoid costly dense eigendecomposition, we exploit the
quasi-circulant graph topology via a fast Fourier transform (FFT) to obtain a coarse spectral profile, then apply localized first-order
corrections through Rayleigh subspace refinement around the absolute energy minima. Crucially, the global graph topology is optimized by
resolving the trapping-set ontology—hierarchies [4] of small subgraphs that act as spurious attractors in the Bethe free-energy landscape [5].
We quantify these instabilities with a spectral-valley energy penalty derived from negative Bethe-Hessian modes and characterize landscape
complexity via multiscale fractal analysis. These geometric invariants guide a graph-surgery procedure that suppresses deep energy valleys.
Evaluated on the 1000-class ImageNet-1K dataset, our method achieves 88.83% top-1 accuracy, outperforming strong baselines from the
ResNet, DenseNet, ConvNeXt, ViT-Huge and Hierarchical ViT Swin Large families—while using only a lightweight EfficientNet-B4 CNN feature
extractor and an FFT+Rayleigh refinement backbone. The framework unifies concepts from statistical mechanics, topological coding theory,
and fractal geometry into a compact, training- and inference-efficient paradigm for large-scale image classification, feature clustering. [1]
Alaa Saade, Florent Krzakala, and Lenka Zdeborova. Spectral density of the non-backtracking operator on random graphs. EPL, 107(5):50005,
2014. [2] Lorenzo Dall'Amico, Romain Couillet, and Nicolas Tremblay. 2021. Nishimori meets Bethe: a spectral method for node classification
in sparse weighted graphs. Journal of Statistical Mechanics: Theory and Experiment 2021, 9 (Sep 2021), Article 093405. https://
doi.org/10.1088/1742-5468/ac21d3 [hitps://doi.org/10.1088/1742-5468/ac21d3] [3] Penz, M., & van Leeuwen, R. 2021. Density-functional theory on
graphs. The Journal of chemical physics, 155(24), 244111. https://doi.org/10.1063/5.0074249 [https://doi.org/10.1063/5.0074249] [4] B. Vasi¢, S. K.
Chilappagari, D. V. Nguyen and S. K. Planjery, “Trapping set ontology,” 2009 47th Annual Allerton Conference on Communication, Control,
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and Computing (Allerton), Monticello, IL, USA, 2009, pp. 1-7, doi: 10.1109/ALLERTON.2009.5394825 [5] Usatyuk, V.S., Sapozhnikov, D.A. &
Egorov, S.I. Natural Image Classification via Quasi-Cyclic Graph Ensembles and Random-Bond Ising Models at the Nishimori Temperature.
Moscow Univ. Phys. 80 (Suppl 3), $1042-S1056 (2025). https://doi.org/10.3103/S0027134925702947 [https://doi.org/10.3103/S0027134925702947]

24. Machine-Learning-Driven Particle Identification with the FARICH Detector under Realistic Operating
Conditions

P. Rogozhin(1), M. Chadeeva(2), T. Uglov(1)
(1) HSE University, (The Lebedev Physical Institute of the Russian Academy of Sciences, (2) The Lebedev Physical Institute of the Russian
Academy of Sciences

We present a machine-learning-based study of particle identification performance for the Focusing Aerogel Ring Imaging Cherenkov detector
subsystem proposed for the future charm superfactory experiment. A dedicated Cherenkov-ring reconstruction pipeline is implemented in
the detector simulation to account for realistic geometric distortions, detector response effects, and photosensor noise. The reconstructed
FARICH observables are then used as input features for boosted-decision-tree classifiers optimized for particle separation under different
assumptions on the photosensor dark count rate, including a conservative scenario with noise levels up to 1 MHz/mm?. The performance of
the ML-based PID approach is first evaluated using single-particle samples generated within the Aurora simulation framework. Its impact on
physics analysis is then validated with the decay channel (D20 \to KA- \mu”+ \nu_\mu), where reliable (\pi/\mu) separation is essential for
background suppression. The developed classifier demonstrates high efficiency and robustness in realistic detector conditions, reducing the
systematic uncertainty and background contribution associated with (\pi/\Amu) misidentification to below 0.5%. These results show that
machine-learning-based FARICH reconstruction and classification can provide a powerful and stable PID solution for precision charm-
physics measurements.

31. PEKOHCTPYKI{USI OPHEHTAIIA MHOTOKaHAIFHOT0 H306pa>kalolero [eTeKTopa ¢ HOMOIILI0 HeflpoceTeBoit
OIIEHKH OTHOIIIEHUS

P.E. Capaes(1,2), C.A. IllapaxkuH(1)
(1) HUHA®D MTY, (2) dusuueckull paxyriemem MI'Y

Ha3eMHBIe [IeTeKTOpBI, BXOAAIIME B cocTaB cucTeMbl PAIPS (Pulsating Aurora Imaging Photometers System), Tpe6y:oT 061IpHOT0 Habopa
KaJuOPOBOK /IS IIPOBe/IeHKsI TOYHOH GOTOMETPHH, OJHOM U3 KOTOPBIX ABJIETCA OIlpefie/ieHHe OpHeHTalllH JieTeKTopa. B fanHoM paboTe
PEKOHCTPYKITUSI OPHEHTAaLH OCYII[eCTBJILeTCs C IIOMOIILI0 6alieCOBCKOro BBIBOZA. B IIPUHITUIIe, BOSMOJKeH U IIOAXO0[, C UCII0JIb30BaHUEM
SABHOM QYHKIIUU IIPaBOIIOA00HS: IIPOCTOM MEeTOZ, IIpe/iIiojiaraeT UCII0/Ib30BaHUe OHOM HU/IH HeCKOJIbKUX HIeHTUQUITMPOBAHHEIX 3BE3].
OpHako, B fleTekTopax PAIPS ¢ HUSKMM YIJIOBBIM paspellleHHeM HAeHTUQUKaLUs 3Be3] 3aTPy/AHeHa, a O’KH/laeMble 3Be3/[Hble CUTHAJIbI
4acTo HeHaZlesKHBI H3-3a Heollpe/leJIEHHOCTeH B CIIeKTPaJbHOM YyBCTBUTEIBHOCTH U IIPOIe/lype BhIpaBHUBAHUSA YyBCTBUTE/IBHOCTEH
UKcesel. Y4eT 3TUX GaKTOPOB BBOAUT Ype3MepHOe KOJIMYeCTBO BCIIOMOraTe/IbHBIX IIapaMeTpoB (nuisance parameters), 4To fejaeT
CIMILIMPOBaHUe I1eJIeBOr0 alloCTePHOPHOI0 pacIipefie/leHHsI BEIYUCINTeIHEHO HeBO3MOKHBIM. /IJIsI pellleHHsI 9TOM IIP06/1eMbl MBI
IipejijlaraeM MeTOJ, C MCII0/Ib30BaHHeM HessBHON QYHKIIMH IIpaB/0II0061s Ha 0CHOBe HelpoceTeBOM OLleHKH oTHolIeHHs (Neural Ratio
Estimation, NRE). /laHHBI! ITOAXO0Z, II03BOJIsIET CTAaOM/IBHO BOCCTAHABINBATH OPUEHTALHIO C IIPHeMJIEMOM TOYHOCTBIO, Tpebys JIUIIb
6a30B0I IIpefo6pPabOTKH JaHHBIX. MeTo[ M0oyKeT OBITH PacCIIMpeH /I BOCCTAHOBJIEHH JOIIOIHUTE/ILHBIX IIapaMeTPOB [JeTeKT0pa, TAKHUX
KaK QOKyCHOe pacCTOssHHe U IlapaMeTphI JUCTOPCUH.

21. Feature-Based and Deep Learning Methods for Astronomical Light Curve Classification

Valentin Baymakanov(1), Khakim Khamitov(1), Alina Raimova(1), Anastasia Isaeva(2), Roman Taran(2), Mohammad Zedan(1), Matwey
Kornilov(1,3,4), Mariia Demianenko(5,6), Konstantin Malanchev(7), Mikhail Hushchyn(1)

(1) HSE University, (2) Southern Federal University HSE University, (3)Lomonosov Moscow State University, (4)Sternberg astronomical institute,
(5)Max-Planck-Institut fiir Astronomie, (6) Heidelberg University, (7) Carnegie Mellon University

Modern astronomical surveys produce vast amounts of time-domain data, making automated analysis of astronomical light curves
increasingly important. Light curves describe the brightness variations of celestial objects over time and are widely used for the
classification of variable stars, supernovae, and other transient phenomena. Their analysis is challenging due to irregular sampling, missing
observations, and measurement uncertainties. In this work, we investigate machine learning and deep learning approaches for light curve
classification. We employ datasets containing diverse classes of variable stars and transient events. For each photometric filter, statistical
descriptors are extracted to form compact and interpretable feature embeddings. These embeddings are used to train machine learning
models of varying complexity, while recurrent and Transformer-based architectures are explored for directly modeling temporal
dependencies in multi-band observations. The proposed framework is evaluated on the task of multi-class classification of stellar types and
achieves strong performance. The results demonstrate that statistical feature embeddings provide an efficient and interpretable
representation of light curves, while LSTM and Transformer architectures effectively capture their temporal dynamics.

17. Lorentz-Equivariant Geometric Algebra Transformers for Top-Quark Event Reconstruction

Abasov E.(1), Dudko L.(1), Iudin E.(1), Markina A.(1), Perfilov M.(1), Volkov P.(1), Vorotnikov G.(1), Zaborenko A.(1)
(1) Skobeltsyn Institute of Nuclear Physics, Lomonosov Moscow State University

We develop a Lorentz-equivariant Geometric Algebra Transformer (LGaTr) as the encoder of a foundational model for top-quark physics.
Each hard event is encoded as a multivector in the spacetime algebra CI(1,3): tokens carry their raw 4-momentum in the grade-1 channel and
invariant flavour/charge tags in grade-0, while the geometric product makes higher grades — decay-plane bivectors, 3-body trivectors, and
the CP-odd pseudoscalar — emerge automatically. Since every grade transforms under the same rotor sandwich, the encoder is Lorentz-
equivariant by construction, so invariant masses and angles are exact rather than learned. By the Cayley-Menger collapse GA generates no
new invariant scalars beyond the 1-bit CP-odd pseudoscalar sign; its value is structural — enforcing equivariance and reducing multi-step
covariant constructions such as top-spin correlations to a single operation. On a ‘pp — tWb’ proof-of-concept the GATr-lite encoder reaches
higher AUC compared to a hand-crafted-feature baseline with ~3 times fewer parameters.

66. BEICOKOIIPOHM3BOANTEIHFHOE XPAaHWIHIIE II0 3alpoCy IS MOAAEP>KKH HHepeHca — IPenMYyIIecTBO IOAX0a
OU3arrperupoBaHHON KOMIIOHYeMO# HHOPACTPYKTYPHL.
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A.A. Mockogckuii
2pynna komnaHuit PCK.

IIpuanaweHHblil dokaad
27. Application of machine learning for the analysis of four-jet final states in the CEPC experiment

A.Staritsyna(1), M.Chadeeva(2)
(1)Moscow Institute of Physics and Technology, (2) Lebedev Physical Institute of the Russian Academy of Sciences

An important part of the CEPC program is the precision measurement of the Higgs boson parameters. The purpose of this work is to study
the process e-e+ — ZH at sqrt(s) = 240 GeV with the four-jet final states from decays Z — qqbar and H — bbbar. The four-jet final states have a
high branching ratio but suffer from jet-merging problem and large background contribution. The CEPC detector simulation and event
reconstruction using Delphes package have been performed for signal and different background processes corresponding to 5.6 ab-1 of
integrated luminosity. Several approaches to signal from background separation have been studied: a set of cuts on kinematic variables, a
classifier trained on the mixed dataset before cuts and a classifier trained on the mixed dataset after cuts. The set of cuts was based on 14
kinematic variables, the input data of the model include 84 kinematic variables. For high signal efficiency, the cut-based approach provides
rejection of leptonic and semileptonic backgrounds to the few percent level, but cannot effectively suppress the four-jet backgrounds. Using
the PyTorch framework, a Transformer model was trained for binary classification on a dataset consisting of 1,000,000 signal events and
1,000,000 events from each background channel. The best signal/background separation was achieved by combining loose kinematic cuts
with the trained Transformer model.

36. Towards Foundational Models for HEP: Learning Universal Top-Quark Event Representations

Zaborenko A.(1), Abasov E.(1), Dudko L.(1), Markina A.(1), Perfilov M.(1), Volkov P.(1), Vorotnikov G.(1)
(1) SINP MSU

We present a framework for universal foundational models for top-quark physics, following the pre-train-then-fine-tune paradigm
established in computer vision and natural language processing. Modern HEP experiments produce datasets of unprecedented scale and
diversity, yet conventional ML pipelines require task-specific engineering for every analysis. Our goal is to learn general event
representations that transfer across downstream tasks without hand-crafted features. The pre-training corpus spans five process groups (0-4
top quarks), covering both Standard Model and BSM final states, totalling approximately 8 million events generated with MadGraph5 and
CompHEP. We compare two encoder architectures with progressively stronger inductive biases. An MLP baseline flattens each event into a
fixed 130-dimensional vector, with permutation structure and Lorentz symmetry learned entirely from data. A Detection Transformer
(DETR) treats each event as an unordered set of particle tokens with type-wise permutation-equivariant attention and dedicated per-particle
regression, classification, bipartite-assignment, and high-level reconstruction heads. Across all evaluated tasks, DETR substantially
outperforms the MLP baseline, with the performance gap widening on complex topologies and rare decay classes. These results establish the
transformer-based set encoder as a strong backbone for HEP foundational models and motivate future work on fine-tuning pre-trained
representations for specific physics analyses.

49. Deep learning methods for gamma event selection in TAIGA-IACT image analysis in stereo-mode

E.O. I'pecwv(1,2), A.II. Kprokos(2), ILA. Boauyz08(2), A.IL. lemuues(2), FO.O. ly6enckas(2), J.I1. 2Kypoe(1,2), C.II. ITonsxo8(2), E.b. IlocmHuxko8(2),
A.IO. Pasymos(2)
(1) HUHII® UTY, Hpxymck, (2) HUHA® MI'Y, Mocksa

In astrophysical complex TAIGA there are five Imaging Atmospheric Cherenkov telescopes (IACTs), located at a distance of 300-500 m from
each other, due to which extensive air showers (EAS) generated by cosmic and gamma radiation are recorded with multiple telescopes (stere-
mode). The analysis of EAS images from two or more Cherenkov telescopes together is of particular interest, since for this approach the
reconstruction of physical parameters of the primary gamma ray is much more accurate than in mono-observations. However, the gamma-
ray event reconstruction strongly depends on the quality of the hadron background suppression of the classifier, therefore, the gamma event
selection stage is one of the important one in the further analysis of IACT data. In this work we propose and study several neural network
methods for gamma event selection in joint TAIGA-IACT image analysis. The first neural network method we suggested involves a single-
stage analysis of IACT images from two telescopes, while the second method considers the creation and study of image essential features
extracted by autoencoders that contain the EAS physical parameters, including the type of primary particle.

50. Methodology for Processing Open Data for Machine Learning Models in BSM Searches

Volkov P(1), Abasov E.(1), Dudko L.(1), Markina A.(1), Vorotnikov G.(1), Perfilov M.(1), Zaborenko A.(1), Savkova N.(1), Gorin D.E.(2), Vasilevskii
0.8.2)
(1) SINP MSU, (2) Physical Faculty MSU

The open data published by CERN allow us to access a portion of the LHC dataset, but they come in raw form. To build ML models for
beyond-the-Standard-Model searches, one must apply a variety of processing techniques, such as jet energy corrections (JEC/JER), PDF
reweighting, trigger selection, event weighting, and others. In this talk, we will demonstrate how these tools are used in a specific analysis
with a Lepton+jets final state.

54. On neural inverse problem of celestial mechanics

Shorokhov Sergey
RUDN University named after Patrice Lumumba Moscow

The inverse problem of celestial mechanics seeks to determine the potential forces that constrain a particle to move along trajectories
belonging to a prescribed family of curves. Since paths within the same family may be traversed at different speeds and energy levels, the
classical formulation requires ensuring the consistency of an overdetermined system of first-order partial differential equations for two
unknowns: the potential function and the energy function (the latter being a first integral along each trajectory). We propose a data-driven
analog of this problem by constructing and training second-order Neural Ordinary Differential Equations (Neural ODEs) directly from
discrete trajectory observations. The neural network maps 3D spatial coordinates to a scalar potential value. Given an initial position and



velocity, along with sparse spatiotemporal measurements of position and velocity, our objective is to learn a potential field such that a
particle released from the initial state reproduces the observed trajectory with high fidelity. The problem is solved within the Neural ODE
framework by deriving an extended adjoint system and integrating it backward in time. We present a stable and efficient training algorithm
for the potential network, demonstrating how modern differentiable programming can bridge classical mechanics and machine learning for
dynamical system identification.

52. Extraction of the light component of cosmic rays from TAIGA-IACT data

I1.A. Boauyzoe(1), A.IL. Kprokos(1), E.O. I'pecw(1,2), A.IL lemuues(1), FO.FO. [ly6eHckasn(1), J.I1. Kypos(1,2), C.II. ITonaxos(1), E.b.
ITocmHuxoe(1), A.FO. Pazymos(1)
(1) HUHA®P MT'Y, Mockea, (2) HUHIID UT'Y, HpKymck

The TAIGA astrophysical complex [1], located in the Tunka Valley (Republic of Buryatia), covers an area of about 1.1 km2 and is designed to
study gamma rays with energies above 3-4 TeV and cosmic rays with energies above 200 TeV. The complex includes the TAIGA-IACT facility,
which currently consists of four atmospheric Cherenkov telescopes. TAIGA-IACT makes it possible to distinguish extensive air showers (EAS)
induced by primary gamma rays from hadronic EAS with high accuracy, and therefore TAIGA-IACT data are used to solve gamma-ray
astronomy problems. In this work, we propose a technique for using TAIGA-IACT data to extract the light component of cosmic rays.

1. L. A. Kuzmichev et al. Cosmic ray study at the astrophysical complex taiga: Results and plans. Physics of Atomic Nuclei. — 2021 — Vol. 84,
no. 6 —P. 966-974.

7. Neural Network-Based Shower Core Reconstruction in the HiSCORE Experiment using Autoencoder-Derived
Essential Features

FO.10. /iy6enckas(1), A.IL. Kprokos(1), ILA. Boauyzoe(1), E.O. I'pece(1,2), A.II. flemuues(1), A.I1. )Kypoe(1,2), C.II. ITonskos(1), E.b.
ITocmHuxos(1), A.FO. Pazymos(1)
(1) HUHAP MT'Y, Mockea, (2) HUHIID UI'Y, HpKymck

The goal of this work is to investigate how to prepare and process HiSCORE data so as to minimize losses, while also bringing it into a form
suitable for combining with data from other detector types of the TAIGA project. Our main idea is to use a neural network that reconstructs
the core position using essential features (i.e., a compact representation of the data) as input. The essential features are not related to the
dimensions and format of the data, so the essential features for different types of detectors can be easily combined. As essential features we
propose to use a latent space of an autoencoder (AE) trained on HiSCORE data. We demonstrate that the latent space of a properly trained
autoencoder can be used to reconstruct the core position of the EAS, and that adding additional pre-computed angle parameters to the input
further improves the reconstruction accuracy. The standard deviation of the core position reconstruction error for the proposed method is
15-17 meters, which is comparable with the results obtained by other methods.

1. Invertible Neural Networks and the Possibility of their Applications to Cosmic Rays Data Analysis
A.II. Kprokoe(1), I1.A. Boauyzo8(1), E.O. I'pecy(1,2), A.IL Jemuues(1), FO.10. Jy6enckas(1), A.I1. XKypoe(1,2), C.II. Ilonskos(1), E.B.

ITocmHuxos(1), A.FO. Pazymos(1)
(1) HUHAP MT'Y, Mockea, (2) HUHII® UI'Y, HpKymck
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13. MeToA aBTOMAaTH3HPOBaHHOII 00pab0TKHA HayYHBIX yO KA

Xeocmoea Mapus OaezogHa (1), ApmamoHog Anekcell AHamoavesuy(2), Ilpsixuna Japvs HeopesHa (3)
(1) duauan MTI'Y 8 2. /IybHe, (2) HUAY MHU®H, (3) OHAH

B paboTe npezcTaBieH MeTOJ, aBTOMaTH3UPOBaHHOM 00pab0oTKHU ITIOJTHOTEKCTOBBIX HAyYHBIX IyOIMKaui B popMaTe PDF, KOTOpBIH
BBIIIOJIHSET aHa/IM3 OCHOBHBIX THUIIOB MHPOPMAaIMHU — TabJIUII, PUCYHKOB, TeKCcTa. TabIUIIbl K PUCYHKH CTPYKTYPHUPYIOTCS Ha YPOBHE
pacriosHaBaHMs Ha3sBaHUM, U3BJIeUeHUs U YIIOPII0UHMBaHUA S4yeeK. ITO II03BOJIIEeT IIpeobpa3oBaTh BU3yaIbHbIe 0OBEKTHI B
MaIllMHOYHUTaeMbIH popMar /I falbHeNIIero HHAeKCUPOBaHHUs, a COXpaHeHHe COOTBeTCTBYIOIIUX 06/1acTell JOKyMeHTa-UCTOYHUKA B
BHJIe U300pakeHUH aéT BO3MOKHOCTb BepUQHUIIMPOBATh U3BJIeYEHHbIe JaHHble BPyUHYI0. TeKCT aHaIU3HUPYeTCs 110 IIpeINKaTHO-
apryMeHTHOM MOJieJIH. APTYMeHTBI, BBIIIOJIHAIOT PasHble CHHTaKCHYeCKHe POJIM — areHT, IIallkeHc, JJ0KaTUB, TeMIIOpaTUB, Mepa,
HHCTPYMEHT, pe3yJIbTaT — ¥ HeCyT MHGOPMAIHI0 06 00beKTax, 3a/jeliCTBOBAaHHBIX B 9KCIIepPUMeHTe (MaTepHaslbl, 060pyfoBaHMe U
YCTaHOBKH), yCJIOBUAIX IIPOBe/IeHUs IKCIIepUMeHTa (MeCTo, BpeMsi, IapaMeTphl), KOJIMUeCTBEHHBIX XapaKTepUCTHKaX. [IpeIUKaThI
yCTaHaBJIHUBAKT OTHOIIEHUS MeXK/y apryMeHTaMH, 6j1arofiapsi ueMy GOpMHPYIOTCSI CTPYKTyPHUPOBaHHbIE CMBICIOBBIE eIMHHUIIBI, KOTOPhIe
H3BJIEKAIOTCS C IIOMOILBI0 Habopa NPOAYKIIMOHHEIX IIPpaBUJL. ATPHOYTHPOBaHKe HCTOYHMKA OCYIeCTB/ISIETCS IIPH U3BJIeYeHUH KII0UeBbIX
6ubrorpadUUecKUx CBeJleHUM — aBTOPOB, Ha3BaHUS, )KypHaJsla U JaThl MyOJINKauy, IpoBoro uaeHTUHKaTopa . B pa6oTe
HCIIOJIB3YIOTCS: CBEPTOYHBIE HEMPOHHBIE CeTH JJI1 OIITUYeCKOI0 Paclio3HaBaHUS CUMBOJIOB H [IeTeKI[UH CTPYKTYPHBIX 06beKTOB Ha
CTpaHHIax IIy6JIMKallY; TpaHCcGopMepHast MOZiesIb JyId MOP$O-CHHTaKCUYeCKOr0 aHa/IM3a IIpelJI0’KeHHH; SI3bIKOBast MOZieJIb IS
H3BJIeYeHHs HeTPaMMaTHYHBIX JJaHHBIX; IMHIBUCTHYECKUI aHaIU3aTop Ha OCHOBE IIPOLYKI[MOHHBIX IIPaBHJI I IPAMMaTHYHbIX
JAHHBIX. MeTo[] yCTOMYMB K BapHaTUBHOCTU BU3yaIbHO-CTPYKTYPHOM MOJIe/IH JOKYMeHTa, He TpeOyeT 00yueHHs Ha pasMeUeHHBIX
JAHHBIX U MOKeT OBITh aJallTUPOBAaH /I Pas/JIUYHbBIX HayYHO-TeXHUYeCKUX JUCIIAILIMH. Pe3y/IbTaThl OpHeHTHPOBaHbI Ha IIpaKTHYecKoe
IpUMeHeHHe B HayKOMeTPpHYeCKHX CHCTeMax ¥ 6a3ax sSHaHUM.

28. A Physics-Informed Neural Network Framework for Multidimensional Heat Transfer: Benchmarking Against
Finite-Difference Methods

Kiura Stanley Matheka (1), Dmitry Efremenko (2), Fedor Buzaev (2)
(1) Russian State Social University, (2) HSE Univeversity

We develop a physics-informed neural network framework for steady-state and transient heat transfer in one, two, and three dimensions.



The governing heat equation, together with initial and boundary conditions, is embedded directly into the loss function, allowing the
network to learn a continuous temperature field without labeled data. Spatial and temporal derivatives are evaluated by automatic
differentiation at collocation points, resulting in a mesh-free residual-minimization method. The novelty of the framework lies in the
combination of several design choices that improve the stability and accuracy of PINN training for heat-transfer problems. Smooth activation
functions are used to preserve the differentiability required for evaluating the PDE residual, while adaptive loss weighting balances the
contributions of the governing equation, boundary conditions, and initial conditions. Dirichlet and Neumann boundary conditions are
imposed through analytic mask functions, which reduces the need for the network to learn boundary constraints from penalty terms.
Training is performed in two stages, with Adam used for the initial optimization and L-BFGS applied for final refinement. For transient
problems, a warm-start strategy is introduced, where the steady-state solution is used to initialize the time-dependent model, improving
convergence and temporal accuracy. The proposed method is benchmarked against finite-difference reference solutions. We analyze
accuracy, convergence behavior, and residual distributions near steep thermal gradients and material interfaces. The results provide
practical design guidelines for applying PINNs to multidimensional heat transfer problems. Keywords: physics-informed neural networks;
heat transfer; automatic differentiation; residual minimization; finite-difference benchmarks; mesh-free methods; scientific machine
learning.

22. An Approach to Solving Model Problems in Computational Fluid Dynamics Based on Physics-Informed Neural
Networks

Tarasov Alexey Alexandrovich(1), Stepanova Margarita Mikhailovna(1)
(1) Saint-Petersburg State University

In recent years, physics-informed neural networks (PINNs) have frequently been used to solve applied problems in mathematical physics.
PINNs incorporate governing equations and boundary conditions directly into the model architecture through automatic differentiation.
This approach makes it possible to solve differential equations without constructing a computational mesh, which is particularly
advantageous for multidimensional and time-dependent problems. In the long term, the considered method may be used to model nonlinear
heat-transfer processes in cooling systems with complex geometries, including problems related to nuclear power engineering. The main
difficulties in using PINNs are associated with the nature of the method itself: direct minimization of the equation residual does not
guarantee convergence to a physically meaningful result. Training may proceed slowly or even converge to a trivial solution. To prevent this,
special techniques are employed; however, their effectiveness strongly depends on the particular problem being solved, while the practice of
applying such techniques remains poorly systematized. This work examines and implements four such techniques — Fourier feature
embedding, causal training, loss balancing, and time window marching — on problems of increasing complexity. The numerical experiments
show that the contributions of individual training techniques are highly nonuniform. The most stable improvement is primarily obtained
with Fourier feature embedding, whereas the influence of the other techniques is weak or even negative and requires careful interpretation.
Particular attention is given to unsteady regimes of fluid flow in a channel, including the case with an obstacle, where PINNs exhibit
limitations that cannot be reduced merely to hyperparameter tuning. The neural network solution is validated by comparison with a
reference solution obtained using the finite element method.

34. Detection of Slowly Developing Anomalies in Engineering Systems Based on Matrix Profile Family Algorithms
and Multivariate Time Series Representation Methods

Kalita Anastasiia(1), Sergey Ivanov(1), Vasilii Borisov(1), Alexander Manzhurov(1), Stanislav Polyakov(1), Mikhail Ronkin(1), Mikhail
Hushchyn(2), Pavel Solovev(3)
(1) Ural Federal University, (2) HSE University, (3) DATARK LLC

This paper investigates the applicability of Matrix Profile family algorithms for detecting slowly developing anomalies in multivariate
telemetry time series of engineering systems. Six representation schemes are considered - per-channel aggregation, principal component
analysis (PCA), uniform manifold approximation and projection (UMAP), an autoencoder (AE), a variational autoencoder (VAE), and
contrastive learning — in combination with the scalable time-series ordered-search Matrix Profile (STOMP) and discords aware Matrix Profile
(DAMP) algorithms, as well as the native multivariate extensions mSTOMP (multivariate STOMP) and Multidim MP (Multidimensional Matrix
Profile). The experiments were carried out on real telemetry data from a data center heating, ventilation, and air conditioning (HVAC) system
(60 channels, 30-minute sampling interval). The primary metric is the anomaly Detection Delay under the constraint of false positive rate
(FPR) = 0.05. The best result among the semi-supervised methods was achieved by STOMP | Contrastive with feature selection: Matthews
Correlation Coefficient (MCC) = 0.27 + 0.10, Detection Delay = 4960 + 134 min - a result comparable to supervised methods (support vector
classifier: MCC = 0.29 + 0.03). Five of the eight deep-learning methods failed to detect a single anomalous segment in the semi-supervised
setting.

33. Large Language Models for Tabular Data Classification

Timofei Izhitskii(1), Kim Minjung(1), Egor Filatov(1), Denis Matveev(1), Andrey Larionov(1), Mikhail Hushchyn(1)
(1) HSE University

Large Language Models (LLMs) are increasingly being explored as tools for processing structured data. This study evaluates the effectiveness
of LLMs in tabular data classification and compares their performance with classical machine learning algorithms and specialized neural
architectures. Experiments were conducted on benchmark datasets containing numerical and categorical features. The robustness of the
models was assessed under varying levels of missing data, and the possibility of training a single language model on multiple datasets
simultaneously was investigated. The results demonstrate that LLMs achieve competitive classification performance on tabular data,
although classical machine learning methods generally provide higher accuracy. All evaluated models exhibit a gradual decline in
performance as the proportion of missing values increases. At the same time, language models offer an important advantage over traditional
machine learning approaches: a single model can be trained on several datasets and subsequently applied to multiple classification tasks.
The findings confirm the potential of LLMs for structured data analysis and highlight their ability to serve as a unified framework for solving
diverse classification problems. Although classical machine learning methods remain highly effective for individual tabular tasks, language
models open new opportunities for developing versatile multi-task classification systems.

32. CBepTOYHbIe HEHPOHHBIE CETH JJI1 pa3paboTKH yIJIEPOJHBIX HAHOCEHCOPOB C YIPaBJIieMbIMHU
JIIOMHMHECII€HTHBIMH CBOICTBaAMH

I'. H. Yyzpeeea(1), K. A. Tanmunckuii(2), T. A. Jonenko(1)



(1) MT'Y umeHu M.B.JlomoHocoga, Pusuueckuil pakyromem, (2) MI'Y umeru M.B.JlomoHocosa, HUHA®P um./].B.CkobenvbublHa

Vrinepozpnsble Toukd (VT) - HAHOYACTHITHI C THTEHCUBHOM U UYBCTBUTEJIBHOM K OKPY>KeHHI0 QOoToMIOMUHecIleHITe! (DJ]), obramaroiime
IIHPOKUMH I1epCIIeKTUBAMHU [IJIs1 MCII0JIb30BaHbs B KaueCcTBe OIITUYEeCKHUX HaHOCEHCOPOB ITapaMeTPOB Cpe/ibl. BOJIBIITMHCTBO paboT
omnpeesstoT OJI 110 3apaHee U3BeCTHBIM yCJI0BHUSIM CHHTe3a HAHOYACTHII, O{HAKO 3a/lada I10 II0MCKY IIapaMeTpOB CHHTe3a, IIPX KOTOPBIX
oTKJINK ®JI HauboJiee YyBCTBUTEJIEH K OIIpefieJIeHHOMY IITapaMeTpPy Cpe/ibl, OCTaéTCs HepelléHHOM. B TaHHOM pa6oTe 6bLI0 II0Ka3aHo, UTO
HeHpOHHEBIE CeTH II03BOJISIOT I10{06paTh TapaMeTpsl cHTe3a YT (COOTHOIIeHHe 3THIeHAMaMUHa U IMMOHHOM KHUCI0ThI (CA:ED),
TeMIlepaTypa | BpeMs) IIs1 MaKCUMaJIbHOH YyBCTBUTEILHOCTH K HoHaM Cu?* i Co?*. BeLI0 CHHTe3UpoBaHo 74 o6pasna VT mpu
BapbUPOBaHUM ITapaMeTPOB CHHTe3a; [JI1 KaXKA0ro IIPUToToBJIeHO 100 pacTBOPOB € IMHENMHO MeHSIOIelcs KOHIeHTpallue MeTallIoB
(Bcero 7400 crieKTpoB). [[ByMepHas CBEPTOUHAs CeTh OIIpefiesisila KOHIIeHTPaIUIo UCCIelyeMbIX HOHOB II0 MaTPHUIIaM BO36Y K eHHsI-
ucnyckaagusa ®JI, 1ocie 4ero II0JTHOCBS3HAS CETh 110 ITOyIeHHBIM CpelHUM abCOTI0THBIM OITHOKaM Hax0/[uIa OIITUMaIbHbIe YCIOBUS
CHHTEe3a HaHOYAaCTHIT. BhIO BBIICHEHO, YTO HAaub0JIee UyBCTBUTEMbHBIE VT 1 Cu?* moJsrydaroTcs mpu cooTHomeHuu CA:ED = 1:2, 120 °C,
240 muH; 1151 Co?* - IIpHU TOM JKe COOTHOIIeHHuY, 160 °C, 240 MuH. TaKUM 06pa3oM, COUeTaHKe CBEPTOYHOI U ITOJTHOCBSISHOH apXUTEKTYP
HeMPOHHBIX CeTel YCIIEIIHO pelllaeT 3a/javy «CUHTe3—-CBOMCTBa-IIPUMeHeHHe» 71 CO3JaHUHU YIJIEPOAHBIX HAHOCEHCOPOB C BBICOKOM
YyBCTBUTEJBHOCTHIO K KATHOHAM B BOAHBIX pacTBopax. MccileoBaHue BBIIIOJIHEHO 3a CYET rpaHTa Poccuiickoro HaygHoro poHza Ne
22-12-00138-I1, https://rscf.ru/project/22-12-00138/ [https://rscf.ru/project/22-12-00138/]. PaboTa I.H. UyrpeeBoii moagep kaHa PoH/I0M pa3sBUTUS
TeopeTHUUeCKOM Qu3UKU U MaTeMaTuKU «BA3MIC» (moroBop Ne 23-2-2-22-1)

35. OPTIMIZATION OF THE OPERATING TEMPERATURE RANGE OF SEMICONDUCTOR GAS SENSORS USING
MACHINE LEARNING

Isaev 1.V.(1,2,3), Chernov K.N.(4), Dolenko S.A.(1), Krivetskiy VV.(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 application of semiconductor gas sensors to detect gases and volatile organic compounds for air quality monitoring
in urban and industrial areas. To provide selectivity in detecting specific gases, as well as high temporal resolution of the sensors, nonlinear
temperature operating conditions, the so-called heating dynamics, were used. Since the physicochemical models describing the interaction
processes between gases and sensors are highly complex, machine learning methods based on experimental data were used to process the
sensor responses. Heating dynamics utilizing a wide temperature range provide more information, which may increase sensitivity and
selectivity of the sensor. However, using wide temperature ranges leads to increased measurement time, increased power consumption, and
accelerated sensor degradation. Also, the corresponding increase in the number of measurement instances and therefore of the feature
space dimensionality leads to a decrease in the stability and performance of machine learning models. Therefore, for each target gas there is
a need to determine not only the optimal heating dynamics, but also the optimal temperature range covered by this dynamics. This study
was devoted to finding optimal operating temperature ranges based on the performance of machine learning models, ensuring maximum
selectivity and response rate for target gases. The study was carried out at the expense of the grant No. 22-19-00703-P from the Russian
Science Foundation, https://rscf.ru/en/project/22-19-00703/ [https://rscf.ru/en/project/22-19-00703/].

38. CpaBHeHHe ITTy0OKHMX apXHTEKTYp IIPH pa3IMYHBIX YPOBHAIX NpefoopadoTrku ¢MPT B 3afaue OMHAPHOI
KjJaccupUKamyuy MO3TOBOH aKTHBHOCTH

A.C.Maxkapoe(1), H.M.I'adxcues(1), C.A.ZJonenko(2)
(1) dusuueckuil gakysromem MI'Y umernu M.B.JlomoHocosq, (2) HUHAS MT'Y

JllaHHas paboTa sBJIAeTCs IIPO/I0/DKEeHHeM IIPeBINYIIHX UCCIeJOBaHUM, B KOTOPBIX PacCMaTpHBaslach BOSMOXKHOCTD PellleHHs 3ajaul
pacro3sHaBaHUs KOTHUTUBHBIX COCTOSHUM Ha OCHOBe aHa/IM3a HeMPOQHU3MO0JIOTHYeCKUX JaHHBIX 0 MO3TOBOM aKTUBHOCTH C IIOMOIILI0
KJIaCCUYeCKHUX MeTO/I0B MallIMHHOI0 06y4ueHHs. B HacTosIer pa6oTe B KauecTBe METOL0B MAIlIMHHOIO 06y4YeH s pacCMaTPUBAIOTCI
I1y6oKHe HelpoceTeBble apXUTEKTYPHL B 0TVIMYMe OT IIPe/bIAYIIero Hccaef0BaHus, I7ie PelllaJuch TakKKe 3aladi MHOTOKJIACCOBOM
KJIaccupuKanuu (pasjndeHre COCTOSHUYM Mo3ra IIpU pellleHUH 6 TUIIOB 3aJad ¥ COCTOSIHUS II0K0s1), B HACTOAIIeH paboTe MbI
doKycupyeMcs TOJIBKO Ha 6oJiee IIPOCTOM 3a/iadue GMHAPHOM KIacCHPUKAIUM: OIIpe/ie/ieHHe TOTO, pelllaeT JIM UCIBITYeMbIN B JaHHBIN
MOMEHT KOTHUTHBHYIO 3a/lady HJIM HaXOAUTCS B COCTOSIHHUH ITOKOSL. /IJIs1 ITOJTydeHUsT HeHPOQHU3HO0IOTHYeCKUX JaHHBIX HCII0Ib30BaJICsT
MeToZ, QYHKIITMOHAJIHbHON MarHUTHO-pe30HaHCHOM ToMorpaduu (PMPT). Beliiu pacCMOTpeHEBI TpH Iy6okue apxuTeKTypsl: CNNLSTM (3D
cBépTouHasg HelpoHHas ceThb (CHC) ¢ [ByHalIlpaB/IeHHOM peKyppeHTHOM 06paboTkoii Tuma LSTM), CNNSimpleAttention (3D CHC ¢
MeXaHHU3MOM BpeMeHHOro BHUMaHusA) 1 CNNAttentionZ (OpUrMHaabHAas apXUTEKTypa ¢ IIepecTaHOBKOM 0CeH KOOPAUHAT, II03BOJIAI0IIAs
3D CHC o6pa6aTsIBaTh BpeMs KaK JI0IIOJIHUTeIbHOe IIPOCTPaHCTBEHHOe U3MepeHHe). Bce Moietu 06y4Jairuch Ha KOPOTKUX BpeMeHHBIX
OKHax U3 5 pa3sHOCTHHIX 3D u3o6pakeHUH (2,5 CeKyH/IbI) C pasfie/ieHHueM I10 UCIIBITyeMbIM (23 Ha 00y4yeHHUe, 8 Ha TeCTUPOBaHUE).
TTocKOJIBKY BBIOOP YPOBHSA IIpe/jo6paboTKU AaHHBIX GMPT MOJKeT CyIIleCTBEHHO BIMATH Ha KaueCTBO KIacCUUKAITUH, OBLIH pacCMOTPEHBI
TP BapHaHTa: ChIpble JaHHble (Raw), JaHHBIE TOJIBKO C KOppeKnuel apTedpakToB ABrokeHNs (MC) U faHHBIe, IIPOIIe/IINe IT0JTHBIN
CTaHZAPTHBIM KOHBeliep penoopaboTku (Full), BKIrouarouii BoceMb 3TaroB 06paboTku. 1o pesyabTaTaM paboThl OBLIH Cle/IaHbl
BBIBOJIBI O BEIOOpE apXUTEKTYPHI U I1eJIec006pasHOCTH HCII0/Ib30BaHUs II0JHOTO [IUKJIA IIPe00pab0oTKH MU eé OTCyTCTBH. [lokasaHo, UTO
B psifie cly4aeB MHHHMMaJIbHas IIpe/jo6paboTKa MOXKeT 6BITh JOCTaTOYHOM, TOIZja KaK IIpMMeHeHHe II0JIHOT0 KOHBeliepa He Bcerya JaéT
IIpeMMyIecTBO. II0JydeHHbIe pe3yIbTaThl ONpe/ie/sII0T HallpaBIeHUs I AaIbHeHIIero IIoKMCcKa OIITUMAaIbHbIX COUeTaHUM apXUTEKTYP U
cxeM IIpelo6paboTKU IIPH pellleHUH 3a/ja4 KIacCuPUKaIlMU TUIIOB MO3TOBOM aKTUBHOCTH.

41. Transfer Learning via Source-Target Domain Data Mixing for Solving Multi-Parameter Inverse Problems in
Optical Spectroscopy

Mardanov A.P.(1), Guskov A.A. (1, 2), Isaev LV. (2), Laptinskiy K.A. (2), Dolenko TA. (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

This study is devoted to solving a multi-parameter inverse problem of photoluminescence spectroscopy — determining the concentrations of
metal ions in multicomponent aqueous solutions from the excitation-emission matrices of carbon dots introduced into the solution. The
problem is complicated by the lack of an adequate physico-mathematical model capable of explicitly describing the relationship between the
photoluminescence spectra of carbon dots and the concentrations of individual components in a multicomponent solution. In this regard, we
use machine learning methods based on experimental data to solve this complex inverse problem of optical spectroscopy. In practical
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applications, the analysis of the composition of various liquid media may sometimes require expanding the set of monitored components, for
example, upon the appearance of a new substance not present in the initial system. In such cases, building machine learning models from
scratch to determine the concentrations of components of the expanded system requires collecting a new representative experimental
dataset, which entails significant time and financial costs. In this context, transfer learning methods are of particular interest, as they allow
using the knowledge accumulated during solving the source problem to build models for the new target task. In this study, transfer learning
techniques are applied to transition from a 6-parameter photoluminescence spectroscopy inverse problem (source domain, 6P) to a 7-
parameter problem (target domain, 7P), which differs by the inclusion of an additional component in the analyzed system. The goal of this
study is to investigate the effectiveness of different transfer learning strategies for the transition from the source 6-parameter to the target 7-
parameter photoluminescence spectroscopy problem. Particular attention is paid to different source-target domain data mixing strategies
implemented at different stages of neural network training. The investigated strategies include adaptation of a model pretrained on the
source domain to the target domain (6P — 7P, fine-tuning), multi-stage transfer learning involving intermediate training of the model on the
combined source and target domain dataset (6P — 6P+7P — 7P), dynamic adjustment of the contribution of source and target domain data
during model optimization (dynamic source-target weighting), and target-aware early stopping, where target domain data is used to select
the optimal state of the model at intermediate stages of training. The effectiveness of the proposed strategies is evaluated based on their
performance on an independent test set of the target 7-parameter task. This study has been conducted at the expense of the Russian Science
Foundation grant No. 24-11-00266; https://rscf.ru/en/project/24-11-00266/ [https://rscf.ru/en/project/24-11-00266/].

42. One Model for All Columns: Unified Learning for Tabular Data

Kirill Katsuba(1), Roman Degtiarev(1), Nikita Sevriukov(1), Mikhail Hushchyn(1)
(1) HSE University

Modeling tabular datasets requires learning the statistical dependencies between variables rather than solving a single prediction task. A
model that captures the joint structure of the data can be used for a variety of applications, including missing-value imputation, conditional
generation, and prediction of arbitrary features from the remaining columns. For example, such a model should be able to predict any
column of a dataset given the values of all other columns. Conventional machine-learning approaches are typically target-specific. Methods
such as gradient boosting require training a separate model for each prediction target, making them less flexible when multiple prediction
tasks must be solved within the same dataset. In this work, we investigate whether a single model can learn all dependencies present in
tabular data and be reused to predict arbitrary columns without additional training. We study neural and generative approaches for
modeling conditional feature distributions and propose architectural modifications aimed at improving the reconstruction of heterogeneous
tabular data. Experiments on five benchmark datasets demonstrate that the proposed approach effectively captures inter-feature
relationships and achieves strong performance in conditional prediction tasks. The results highlight the potential of unified tabular
modeling as a flexible alternative to target-specific machine-learning pipelines.

43. IIpeosi0/1eHHEe JOMEHHOTO cABHTa B crieKTpax KP mpupoAHBIX BOJ: OAXO0/, Ha OCHOBE JOMEHHOM afanTamuy
6e3 yuyuTeJis 11 MHOTOKOMIIOHEHTHOM perpeccuu

JI.C.Ymezenoea(1), C.A.Bypuxos(1), A.M.Bepeanvd(1,2), H.B.Ilnacmurun(1,2), T.A.Jonenko(1,2), C.A.JJonenko(2)
(1) Mockosckuil eocydapcmeeHHblil yHugepcumem umeHu M.B.JlomoHocosa, pusuueckuil gakyarvmem, (2) HayuHo-uccaedogamenbCKuil
uHcmumym sioepHoli pusuxu umeru /I.B.CkobenvbuybliHa MoCK08CK020 20Cy0apcmeeHHo20 yHugepcumema umeHu M. B.JlomoHocosa

AHTpOIIOTeHHOE 3arpsa3HeHHe IIPUPOJHBIX BOJ MOHAMH MeTaJIJIOB OCTaéTCs OJHOM U3 aKTyaIbHBIX IIP06JIeM 3KOJIOTHY€eCKOI0
MOHHUTOPHHTA. BbICOKask TOKCUMYHOCTD 9THUX COeJUHEHHUH U UX CIIOCOGHOCTh K HaKOILJIEHHIO B 9KOCHCTeMax TPeGYIOT CO3TaHUS CUCTEM
OIIepPaTUBHOTO KOHTPOJISI, CIIOCOGHBIX 3aMeHUTh TPYA0EMKIe JJabopaTOpHbIe METOJUKH, He IIPUCIIOCO6IeHHEIe /11 MacCOBOT0 3KCIIpecc-
aHa/IM3a. B 3TOM KOHTEKCTe CIIeKTPOCKOIIHS KOMGUHAIIMOHHOro paccessHus (KP) cBeTa paccMaTpUBaeTcd Kak IepcreKTUBHAasg 0CHOBA IJIL
JVCTaHITMOHHOIO U HepaspylIalero aHaausa. OfHaKo eé IpuMeHeHUe CAep>KUBaeTcs CI0)KHOCThI0 MHTepIIpeTaliuy
MHOTOKOMIIOHEHTHBIX CIIeKTPOB. II03TOMy aKTyaJIbHBIM HallpaBJIeHHEM PasBUTH CIIEKTPOCKOIIMYeCKHUX MeTO/I0B aHaIM3a BOJGHBIX Cpef
CTAHOBUTCS UHTEIPaIiys 3TUX MeTO0B C TeXHOJIOTUSIMHU MallIMHHOT0 06y4ueHus1. KitoueBBIM IIPensITCTBHEM Ha ITyTH BHeIPeHUs
HeMpoceTeBBIX MOZiesIel B IPaKTUKY 9KOJIOTMYECKOT0 MOHHUTOPHHTA SIBJISIeTCS JeQUITUT pa3sMeUeHHBIX ClIeKTPaJIbHbIX JaHHBIX IJI1
peanbHBIX BOJHBIX 06eKTOB. POpMHUpOBaHHe TaKol 6a3bl Tpe6GyeT IapasuieIbHOTO IPOBe/ieHHUS JOPOTOCTOSIIEr0 XUMHYeCKOT0 aHaIK3a
Kark/[0ro 06pasIia, uTo AJIs1 IPUPOTHBIX BOZ, C UX IIPOCTPAHCTBEHHO-BPeMeHHOM N3MeHUYHBOCThI0 CTAHOBUTCS IPaKTUYECKU
Hepean3yeMbIM. B pe3ysibTaTe MofiesId, 06y4eHHBIe Ha J1ab0paTOPHBIX PacTBOPax ¢ M3BeCTHBIMHU KOHIIEHTPAIUsAIMH, IIPHU IIepeHoce Ha
peaJsibHBIe IPO6HI IEMOHCTPUPYIOT Pe3Koe YXyAIlleHe TOUHOCTH M3-3a Pas/IMuMi B paclipe/ie/IeHUsIX JaHHBIX, - TaK Ha3bIBaeMOT0
JIOMEeHHOTO C/[BUTa, 00yCI0BJIEHHOIO IIPUCYTCTBHEM OpPraHUYeCcKHUX IIpuMecel, GIyopecIieHTHOro ¢oHa ¥ BapHalusIMU QHU3HUKO-
XUMHUUYECKUX YCI0BUY cpepl. B paboTe uccaeyeTcs IepeHoc 3HaHUH ¢ 6a3bl KP-CIIeKTPOB MOJIe/IbHBIX PACTBOPOB (MCXOHBIM TOMeH) Ha
Hepa3MedeHHBbIe CIIEKTPhI IIPUPOAHOM BoAbI MOCKBEI-peKH (Iles1eBOM foMeH). [IJIs IIpeofoIeHHsI yKa3aHHOT0 OTpaHUYeHHs B HaCTOsIIe
paboTe ucciaenyeTcs IpUMeHeHMe JOMeHHOM aganTanun 6e3 yuurtess (Unsupervised Domain Adaptation) — mmoixoza, II03BOJISIOIIETO
IepeHecTH 3HaHUs, [10JIyYeHHbIe Ha pasMeueHHOM HCXOAHOM JIoOMeHe, Ha Hepa3MeUueHHBIH I1e1eBoH joMeH. /Il afaliTalliu B CETh
BBOJJUTCS JOMEHHBIH TUCKPUMUHATOP, COeAMHEHHBIN ¢ SKCTPAKTOPOM IIPHM3HAKOB Uepes CJI0H 06paTHOIo IpafiieHTa. B xoze
COCTSI3aTeILHOT0 06YUeHUs IKCTPAKTOP YUUTCS GOPMHUPOBAThH IPU3HAKHY, HEPAa3JIUMUYUMEIe JJIs1 TUCKPUMUHATOPA, YTO I103BOJIIET
IepeHOCUTh 3HaHHU Ha IieJIeBOM JoMeH 6e3 HCII0/Ib30BaHHUI MeToK. TaKhUM 06pa3oM, COTHU Hepa3MedeHHBIX IleJIeBbIX CIIEKTPOB
3a/1efiCTBOBAHBI TOJIBKO /I yMeHbBIIIeHUS JOMEHHOI0 C/IBUTA, TOIZa KaK IIPsIMOe OIIpe/iesleHHe KOHIIeHTPaIui oCylecTBIgeTcs 6e3 uxX
Yy4acTHs; YCIIEITHOCTh 3TOM IPOIeAypPHI IO TBep KeHa Bu3yaansanyell B Bujie t-SNE-IIpoeKIIHii, IT0Ka3bIBAIOIINX 3HAUUTEIbHOe
TIepeKphITHE paclipefiesieHUi. [[ppuMeHeHUe pa3paboTaHHOTO I0/X0/[a II03BOJIMJIO JOCTUYh CHIDKeHHS CpefiHelt a6COoII0THOM OINOKHU
oIIpeziesIeHUsI KOHIIeHTpallkui HOHOB B PaCTBOPE 110 CPAaBHEHHUIO C HealallTUPOBAaHHOM MO/eJIbI0 Ha 70%. IToslyueHHBIe pesyIbTaThl
TIO/ITBEPIKAAIOT, UTO IOMeHHas afilaliTalys 6e3 yUuTesIs sIBIsAeTcd 3G PeKTUBHBIM HHCTPYMEHTOM [ IIPeo/[0IeHHUSI HeXBaTKHU
pasMeueHHBIX JaHHBIX B 33/jJauax CIIEKTPOCKOIIMYECKOT0 aHaIM3a IIPUPOAHEIX BoJ,. PaspaboTaHHAast MeTO/I0JIOTHUSI MOJKET ObITh
pacrpocTpaHeHa Ha Ipyrue TUIIBI BOJHBIX 00beKTOB U JPyTHe CIIeKTPOCKOIIMYeCKHe 3aJjaqu. McclefoBaHue BBIIIOJIHEHO 3a CYET rpaHTa
Poccuiickoro HayuHoro Goxpa Ne 24-11-00266, https://rscf.ru/en/project/24-11-00266/ [https://rscf.ru/en/project/24-11-00266/]. PaboTa
JL.VTereHOBOM mo/iep>kaHa GOHIOM TeopeTHUUuecKoM GU3NKU 1 MaTeMaTUKH «Basuc» (JoroBop Ne 25-2-1-136-1).

46. Hcnoib30BaHUE aJITOPUTMOB MAaIIMHHOT'0 00yYeHUs 7SI JOMEHHOMH aJanTalyui IpH epexoie Mexxay
JaHHBIMH KOCMHYECKHX aIllllapaToB

ITamuxon A.B.(1), 'adixcues H.M. (1), bapuros O.I. (2), lonenko C.A. (2)
(1) Pusuueckuil gakynromem, Mockogckuil 2ocyoapcmeeHHblll yHugepcumem umeHu M.B. lTomoHocosa (MI'Y), (2) HayuHo-uccaedosamenbcKuil
uHcmumym sidepHoll gusuxu umeHu /.B. CkobenvubiHa MI'Y (HUHSAD MTY)
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T'eoMarHUTHbIE BO3MYILEHUS SIBJISIOTCS OJJHUM U3 BaXKHEHUIITHUX GaKTOPOB KOCMHYECKOM II0T0/Ibl: OHU CIIOCOOHBI HapylIaTh paboTy
pasuoCBsI3Y, CHCTEM HaBUTAllUH, IMHUM 3JIEKTPOIlepe/iad, UTo JlejlaeT 33/[ady UX IIPOTHO3UPOBAHUS IIpaKTUYeCKH 3HAaYUMOM.
IIporHosupoBaHKe reOMarHUTHOIO MH/leKca DSt OCHOBBIBaeTCs Ha IlapaMeTpax CoJIHeYHOro Berpa (CB) ¥ MeXXIIaHeTHOI'O MarHUTHOTO
o (MMII), usMmepsieMbIx KocMudeckumu anmapatamu (KA) ACE 1 DSCOVR B Touke Jlarpamyka L1 Mexny 3emiiéit u ComHiteM. OfHaKo
IIpU IIPSIMOM I1epeHoce 06yUeHUs ¢ JaHHBIX oHOro KA Ha JaHHbIe IPYToro BO3HUKAaeT Ipo6sieMa yXyAILIeHUsI KadecTBa IPOrHO3UPOBaHUSI
H3-3a PasIMYHI B KOHCTPYKTHUBHBIX 0COOEHHOCTSX aIlllapaToB U CTaTUCTUYECKUX CBOMCTBAX M3MePeHHU, a TaKKe UX II0JI0’KeHHUS B
IpocTpaHcTBe. /lJI pellleHHs 3TOX IIPo6JIeMbl B pab0Te HCCIeAYIOTCS METOBI IOMeHHOM aflallTallky, HalIpaBJIeHHbIe Ha IIOCTPOeHHe
oToOparkeHHUs JaHHBIX U3 UCXOHOTO JOMeHa B IleJIeBOM, [103BOJIIOIIHE 00eCIIeYUTh COBMECTHOE MCII0JIb30BaHUe JaHHBIX U3 IOMEHOB
06oux KA. B kauecTBe BXOJJHBIX JaHHBIX HCII0JIb3YIOTCSI KOMIIOHeHTHI MMII, mapaMeTpsl CB (CKOpOCTB, IVIOTHOCTD, TEMIIepaTypa) |
3HaueHUs UHJeKca Dst, IpeficTaBIeHHBIE B BUle 0TPE3KOB MHOTOMEPHOI'0 BpPeMEeHHOI0 psAfia C pasJIMYHBIMU 3aZieprKKaMU 11 OTpa’keHUs
TIPeBICTOPHUHY KayK0T0 U3 [TapaMeTpOB. /IJI1 IIPOrHO3SUPOBaHUS IIPUMEHSIOTCS JIMHEMHbIe MOJIe/IH C pery/sapusaliie, rpaieHTHBIHA
6ycTHHT (B peanusanuu LightGBM) u 11oTHOCB3HBIe HEMPOHHEBIE CeTH. B KauecTBe MeTO/0B JJOMEeHHOH aJjaliTaljii pacCMaTPUBAOTCA
JIMHeMHbIe MOJIeJIH, TpaZiieHTHBIN O0yCTHHT, MeTO, IPOeKITUH Ha JIaTeHTHbIe CTPYKTYPSHI, QuabTp KaiMaHa U JOMeHHO-COCTsI3aTeIbHbIe
HeUpOoHHBIe CceTH. MccaeyoTes ABa IPaKTHYeCKH 3HAYUMBIX CIleHapHs foMeHHOM aganranun: DSCOVR—ACE, 1T03BOISIOIIUN
HCII0JIb30BaTh HAKOILIEHHBIN HCTOpUYecKUM apxuB faHHBIX ACE 3a cuéTt ajanTtariuu B foMeH ACE 60s1ee HOBBIX 3MepeHuit DSCOVR, u
ACE-DSCOVR - 151 06ecIiedeHHsI HeIIPePBIBHOCTH IIPOTHO3a IIPH BO3SMOKHOM oTKase KA ACE. IIpoBogUTCSI CpaBHUTEILHBIN aHAINU3
3QYeKTUBHOCTH paccMaTpUBaeMbIX METOZ0B aZjallTaIl[luH MeXXy CoO0H U ¢ 6a30BBIMU MOJe/ISIMH, 00y4eHHBIMU 6€3 afallTalliH, C I1eIbI0
BbI60Opa OITUMAIBLHOTO ITOAX0/[a /I KayK/L0T0 U3 CIleHapHeB.

47. HeiipoceTeBoe olnpe/ieleHHe KOHIIEHTPaiii HOHOB B IPHUPO/HOI BO/ie C HCII0JIb30BaHHEM CTpaTeruii
napaMeTpudecky 3¢ PpeKTUBHOHI affaliTariiu

M.K.Illanees (1), H.B.Hcaes (2), C.A.ZloneHko (2)

(1) Pusuueckuil axyabmem MoCK08CK0O20 20Cy0apcmeeHH020 YyHugepcumema umeHu M.B. JlTomoHocosa, Mockea, (2) HayuHo-
ucciedosamensckuil uHcmumym s0epHoii gusuxu umeru /. B.CkobensybiHa MocKo8CK020 20cy0apcmeeHH020 yHugepcumema umeHu M.B.
JIomoHocoea, Mockea

OmepaTHBHOe OIlpefieJIeHHe COCTaBa IIPUPOJHBIX BOJ SIBJIIeTCS BaXKHOM 3a/jadeli 9KOJIOTHYeCKOr0 MOHUTOPHUHTA. OCoOBIM HHTEpec
IIpe/ICTaBJISIET OI[eHKA KOHIIEHTPAalMii HOHHBIX KOMIIOHEHTOB BOJHBIX PACTBOPOB, BKJIIOYAsi KATHOHEI Zn?*, Cu?*, Li*, Fe3*, Ni?*, NHs" 1
aHMoHBI SO427, NO3™. TpaAUITHOHHbIe XUMUKO-aHAJIUTUYECKHE METO/[BI II03BOJISTIOT II0JTyUaTh TOUHEIE Pe3yJIbTaThI, 0/[HAKO TPeGYI0T
IPo6OIOATOTOBKH, Pacxo/ia peareHTOB M 3HaYUTeIbHOI0 BpeMeHHU IIPOBe/leHUs aHaIu3a. I109ToMy B KadecTBe IIepCIIeKTUBHOMN
aJIbTepPHAaTUBBI PaCCMaTPHUBAKOTCSI METOABI OIITUYECKOM CIIEKTPOCKOIIMH, IT03BOJIAIOIIHE IIPOBOSUTE IKCIIPeCC-AUarHOCTUKY
MHOTOKOMIIOHEHTHBIX BOJHBIX PaCTBOPOB. B aHHOM paboTe paccMaTpuBaeTcd ob6paTHas 3afiada CIIeKTPOCKOIIMYEeCKOTO OIIpe/iesleHHs
KOHITeHTPAIWi HOHOB B IIPUPOSIHOM BOJe II0 JaHHBIM CIIEKTPOCKOITMY KOMOMHAIIMOHHOT0 paccessHus cBeTa (KP), HHPpaKpacHOTo
noroiieHus (MK) u ontudeckoro noromieHus (OII). Mcionb3yeTcss KOMIUIEKCUPOBaHUe TPEX QU3UUeCKHUX MeTO/IOB: CIIeKTpaJIbHbIe
nmarHble KP, MK u OIl ogHOBpeMeHHO IIOJAITC Ha BXOJ, HelpoceTeBOM Mofiesn. CJI0KHOCTh pacCMaTpABaeMOH 3a/iladM CBsI3aHa C eé
BBICOKOM pasMepHOCTBI0, HeJIMHEHHBIM BJIHSIHHEM KOMIIOHEHTOB pacTBOpa Ha GOpMY CIIEKTPOB U UyBCTBUTEIBLHOCTHIO CIIEKTPAIBHBIX
JJAHHBIX K IIPUMeCsM, COZleprKalliMCcs B IPUPOAHOM Boze. IIprmecH, B TOM 4HCJIe OPTaHUYeCKOT0 IIPOUCXOKIEHUS, CIIeIIUPUIHEI /I
Ka’K/[0T0 UCTOYHHKA, BeCbMa BapHabeIbHbI U MOTYT CYIIleCTBEHHO U3MeHATh CIIeKTphl. OCHOBHAs I1eJIb pab0Thl COCTOUT B afjallTalluu
HeNpOoCeTeBBIX MOJeJIel K JaHHBIM IIPUPOAHOM BO/BI IIPH OTPaHUYEHHOM YHCJIe 00Y4IaroLIUX IPUMepPOB. /[JI 9TOT0 UCII0/Ib3yeTCs
TepeHoC 06yUeHUs:: MOJiesIb IIpe/iBapUTeIbHO 06y4uaeTcss Ha 6a30BOM Habope CIIEKTPOB PAaCTBOPOB B JUCTU/UIMPOBAaHHOM BOJIe, a 3aTeM
afalITUPYeTCA K I1eJIeBBIM JaHHBIM, COOTBETCTBYIOIIUM IIPUPOJHOM Boie. /1 Ka>Koro OIIpesie/IIeMOro HOHa CTPOUTCS OTAeIbHasA
HelpoceTeBasi MOJleJIb PerPecCHHU C OJHUM BBIX0/IOM. B pa6oTe HccieyIoTcss HeCKOJIbKO CTpaTeryil aflaniTaliui. B kauecTBe 6a30BOT0
BapHaHTa pacCMaTPHBaeTCs II0JIHOe fo06y4ueHHe MOZiesIU Ha IiesleBOoM Habope. Hapsiy ¢ HUM IIPHMEHSIIOTCS ITapaMeTpHUYecKu

3@ peKTHBHBIE IIOJXO/BL: 3aMOPO3Ka YaCTH CJI0EB HEMPOHHOM ceTH, BitFit 1 LoORA. 3TH MeTOABI II03BOJIAIOT USMEHSITh He BCe IlapaMeTpPhbl
HeMpPOHHOH CeTH, a TOJIbKO UX He6GOJIBIIIYIO YaCTh, MM BBOJUTH KOMIIAaKTHYIO IIOIIPaBKY K y>Ke 00yUeHHOM MoiesIu. Pe3yIbTaTsl
TI0Ka3bIBAIOT, UTO IIpPUMeHeHHe IlepeHoca 00y4eHHs IIOHM>KaeT IIOTPeIIHOCTh OIIpe/ie/leHHs KOHIIeHTPAllkii HOHOB B IIPUPOJHOM BOJie I10
CpaBHEHHUIO ¢ 06yUueHHeM MO/IeJIU TOJIBKO Ha OTpaHUYeHHOM IiesieBOM Habope. [TapaMeTpruueck 3 peKTHBHEIE CTpaTernu
JOIIOJTHUTEIBHO CHIDKAIOT TpeboBaHUS K 00 bEMY dKCIIepPUMeHTaIbHBIX JAHHBIX U II03BOJIAIOT alaliITUPOBATh MO/ie/Ib K HOBBIM YCJIOBHAM
6e3 1osIHOTO IlepeobyueHus1. TakuM 06pa3oM, coueTaHHe KOMILUIEKCHPOBaHUS METO/[0B OIITHYEeCKOM CIIEKTPOCKOIIMY U CTpaTeTui
TepeHoca 00y4eHHs SIBJIsIeTCS I1epCIIeKTUBHBIM HallpaBjIeHHeM [JI pellleHHsI 00paTHBIX 3a/iad aHa/IM3a IIPUPOJHBIX BoA. McciefoBaHHe
BBITIOJTHEHO 3a CYET rpaHTa Poccuiickoro HaygHoro GoHpa Ne 24-11-00266, https://rscf.ru/en/project/24-11-00266/ [https://rscf.ru/en/
project/24-11-00266/].

56. OnTHMH3anUs reHepaTopoB BeTponapka

I'pexoe ILII., PamassaH T.A., Pomuuesa H.B.
HHY BIII9

OnTumasbHas pacCTaHOBKA TeHepaToOpoB BeTpoIlapKa - 3afilada MHOTOMEPHOM HeBBIITYKJION ONITUMHU3AIlMH YePHOTI0 SIUKa, B KOTOPOH
rofioBasi BEIpaboTKa 9HEPIHH SIBJISETCS Ie/leBOM QYHKIIHeH, U 3aBUCHUT OT BBIUMC/IUTEILHO 3aTPaTHOM CUMYJIAIIUH a9poJUHaMHYeCKHUX
cIefioB TypOHuH. B HacTosIel paboTe UCCaeAy0TCS YeThIpe MeTO/ja OIITUMHU3AIlMH HyJIeBOT0 IIOPS/iIKa COBMeCTHOTO BbI60pa KOOpAUHAT
Typ6HH U YIJIOB PHICKaHHUS Ha ILIOIIA/IKe C HEOZHOPOAHBIM HaberaloIiuM II0TOKOM IIpK OTpaHUYeHUH Ha MUHUMaJIbHOE PacCTOsSTHUE.
IIpesyioKeHHBIM MeTOZ, CypporaTHoit ontuMusaru WU-GO, KOTOPBIM YIUTHIBAET CIyIalHOCTh KCIIEPUMeHTa HallpIMyI0, CTaOMIbHO
BBI/laeT HauOO0JIbIINI IIPUPOCT, 0CO6€HHO C POCTOM KOJIMYeCTBa TYpPOUH.

57. OnTHMH3anMsA I/11 HEDKEHEePHOI'0 IIPOEeKTHPOBAHUS

Pomuueea H.B., Yxcoy IJ., PamassaH TA.
HHUY BIII9

VH)KeHEPHOE IIPOeKTUPOBAHUE IIPEICTABIISIET COO0M 3a1a¥y ONTHMHU3AIINH C OTPAaHNYEHUSIMH YEPHOTO SIIITUKA - KadK/last BO3MOJKHAsI
KOHOUTYpalys NoJDKHA Y0BJIeTBOPSTE KECTKUM QU3NUECKUM OTPaHUYeHHsIM, a UCIIBITaHHe KOHQUTYpaIiuit 06X0AuTCs L0poro. Mel
CpaBHHBaeM B3aHMO/I€HCTBHE MAIlIMHHOTO 06YYeHHsI 1 MEXaHHYEeCKOI0 IIPOeKTHPOBAHMS Ha OCHOBE YeThIpeX KJIaCCHYIeCKHX 3aad
OIITHUMU3AIUHY C OTPAaHUYEHUSIMU: IIPOeKTUPOBAHUI0 PeAYKTOPa, IPY>KUHEI pacTsDKeHUSI-CoKAaTHs, COCy/ia II0]] aBJIeHeM, ¥ CBapHOK
GayKy. B paMKax eZFTHOTO IT0/IX0/1a, OCHOBaHHOM Ha BafiecOBCKOM OIITHMHM3aIlUY, MBI CpaBHHBAaeM HECKOJILKO CTpaTeruil BEIGopa
KaHJU/IaTOB, U IIpe/ijlaraeM CXeMy Ha OCHOBe IMHAaMUKU JlaH)KeBeHa. OIleHUBasi BCe YeThIpe 3aayul 10 O6IITHM II0Ka3aTessIM —
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CXOTHMOCTH HaI/my‘{meﬁ I[OHYCTHMOfI CTOMMOCTH, [10JI€ MOIIYCTUMBIX peI.HeHHfI M BpeMEHH [0 I1ePBOI'0 AOIIYCTHUMOTI0 PelleHs, — MBI
ITIOKa3bIBaeM, KaK aJITOPUTMBI CEMIIJIMPOBAaHUS II03BOJIAIOT I10JIYYaTh JIYUIIINE PEeIlleHrs 110 CPaBHEHHUIO CO CTaHAaPTHBIMU ITI0X0JaMH
IIOMCKa OIITUMYyMa.

45. BeryucjaeHne MOMEHTOB KaK CII0C00 mapamMeTpu3anuu 2D-kapT ¢pOTOIIOMHHECIEHIINH IPH PelleHnH
00paTHOI1 3aAa4H CIIEKTPOCKOIIHNH

I A.Kynpusnose(1, 2), H.B.Hcaes(2), K.A.JlanmuHckuii(1, 2), C.A.Zlonenko(1, 2), T.A.Zlonenko(1)
(1) Pusuueckuil akyromem Mocko8cKo20 20cydapcmeeHH020 yHugepcumema umeHu M.B. JlomoHocoea, (2) HayuHo-uccaedogamenbckull
uHcmumym sidepHoll pusuxu um. /J.B.CkobenbublHa

DOTOTIOMUHECI]eHTHBIe HAHOCEHCOPHI Ha OCHOBE YIJIEPOJHBIX TOUEK SIBJISIOTCS IIePCIIeKTUBHBIM HHCTPYMEHTOM JIJIS1 9KCIIPECCHOTO
KOHTPOJISI HOHHOT'O COCTaBa BOAHBIX cpef. IIpH pellleHHH MHOTOIIapaMeTpHUYecKOM 06paTHOM 3a/jauH CIIeKTPOCKOIIMY BaXKHYI0 POJIb
urpaert IpejicraBiaeHue 2D-kapT GoTomroMuHeceHITUH (PJI), TOCKOJIBKY MCXOAHAs MaTPHIlA BO30Y K/ eHUA-HCIIYCKaHUS COLEPIKUT
60JIBbIII0E YHC/I0 B3aUMHO KOPPeJIMPOBaHHBIX IIPU3HAKOB. B CBA3H € 9TUM aKTyasJIbHa paspaboTKa CII0CO60B ITapaMeTpH3alIiiH,
TI03BOJIAIOIIMX YMEHBIIUTE PasMEPHOCTh BXOZHOI0 IIPOCTPaHCTBA 6e3 II0Tepy HHPOPMAIUH, CYILleCTBeHHOM /IS OIIpe/ie/IeHUs
KOHIIeHTpaIui HOHOB. B paboTe ucceo0BaHO IIpe/icTaBaeHue 2D-KapT GOTOTIOMHUHECIIEHITUH Yepe3 pasjIoykeHUe 10 6asucaM Teiiiopa,
JlexxaHzpa, dypre U [lepHuKe. TaKOH ITOAX0 MOKHO pacCMaTpHBaTh KaK BEIYMCIeHHe Habopa MOMeHTOB KapThl $JI, IprudeM YHCI0
TIPU3HAKOB PeryJIUPYeTCcd MaKCUMaIbHBIM II0OPSIKOM passoKeHUs. VcIloIb30BaHHe MOMEHTOB IlepHIKe paHee T10Ka3ajo 3¢GeKTUBHOCTh
pu aHaause 2D-kapT ®JI MPUPOAHBIX BOJ, ¥ GHOJIOTHYECKUX 00BeKTOB [1, 2]; B HacTosIelt paboTe IIpoBe/ileHO CpaBHEHUE HECKOJIbKUX
GYHKITHOHATBHBIX 6a31COB IPHMEHUTEIHHO K 00paTHOH 3a/jaue ollpe/ie/ieHUs KOHIIeHTPaI[ii HOHOB MeTasUIoB. McciefoBaHUe
BBINIOJIHEHO Ha 7-IIapaMeTpUYeCcKor 6ase JaHHBIX, cofeprkaleit 7813 2D-kapT ®JI BOAHBIX pacTBOPOB YIJIEPOJHBIX TOUEK C KATHOHAMHU
Ni2+, Cu2+, Co2+, Ph2+, Al3+, Cr3+ u aHnoHoM NO3-. [TosryueHHBIe K03QPUITHEeHTHI pa3IoKeHUs UCII0Ib30BaINCh KaK BXOJHbIe IIPHU3HAKHU
IJI MOJieJIed MaIlTMHHOI0 00y4eHMs: TMHEeMHOM perpecCuH, CIydaiiHoro jeca, FpafiieHTHOro 6yCTHHTa, MHOTOCJIOMHOT0 ITIepCeNITPOHA; B
KaudecTBe pedepeHCHOI0 II0X0/la pacCMaTpPHBaJIach CBepTOYHas HeMPOHHAs CeTh, 06ydaeMasi HeIloCpeICTBeHHO Ha 2D-KapTax ®JL.
TToka3aHo, 4YTO MapaMeTpu3aIiig 2D-kapT ®JI Ha ocHOBe GYHKITMOHAIBHBIX 6a3UCOB II03BOJIIET JOCTUTaTh TOUHOCTHU Ha YPOBHE
CBePTOYHOM HePOHHOM CeTH IIPH HCII0JIb30BaHUH CYILleCTBEHHO MeHbIIIero YKcjia BXOAHBIX IIPH3HAKOB: I0CTaTOYHO 78 K03QGUIILEeHTOB
PpasyIoKeHUs U IIPOCTOM MOJle/IN IMHEeHHOM perpeccud. Hanbosiee 53¢ GeKTUBHBIMU 0Ka3alIHUCch 6asHcHl JlexkaH/ipa 1 Pyphbe, UTO CBI3aHO C
UX OPTOTOHAJIbHOCTBIO U OIIpejiesIeHHeM Ha Bcel obstacTu 2D-kapThl ®JI. Takum 06pa3oM, pasyiokeHHe 2D-KapT GOTOJIHOMUHECIIEHITUH 110
GYHKIOHAIBHBIM 6a3KcaM sBJIAeTC 3QPEeKTHUBHBIM CII0CO60M CKaTHs U CTPYKTYPUPOBaHHU CIIeKTpaIbHON HHPOPMAIH IIPH pellleHHH
06paTHBIX 3a7iad QOTOTIOMHUHECIIEHTHOM CIIEKTPOCKOIIHUH. IIpe/iI0;KeHHBIN II0AX0/ 0cO6eHHO IT10JIe3eH /IS 3a/la4 C OTpaHUYeHHbBIM
065€MOM 3KCIIepUMEHTaIbHBIX JaHHBIX, II0CKOJIbKY II03BOJIIET YMEHBIIUThL PaSMEPHOCTb BXO[HOTO IIPOCTPAHCTBA, COXPAHUTD
du3ndecKH 3HaUNMBbIe 0c06eHHOCTH GpopMbI 2D-kapT PJI ¥ MOBBICUTE YCTOMYMBOCTE MO/iesIel MaIlIMHHOI0 06ydeHUs. HccaejoBaHUe
BBIIIOJIHEHO 3a c4eT rpaHTa Poccutickoro HayuHoro Gonzma Ne 22-12-00138-11, https://rscf.ru/project/22-12-00138/ [https://rscf.ru/
project/22-12-00138/]. I.A.KyIIpHUsHOB sBJIA€TCA CTUIIeHAXATOM POH/Ia PasBUTHA TeOPEeTHYeCKOM QUSHKH U MaTeMaTHKH «basuc». [1] Wang
X., Li B.Q., Zhai H.L. et al. An efficient approach to the quantitative analysis of humic acid in natural water using Zernike moments Food
Chemistry. 2016. V. 190. P. 1033-1039. https://doi.org/10.1016/j.foodchem.2015.06.074 [https.//doi.org/10.1016/j.foodchem.2015.06.074] [2] Chen Y.,
Chen T, Duan W. et al. Rapid measurement of brown tide algae using Zernike moments and ensemble learning based on excitation-emission
matrix fluorescence Spectrochimica Acta Part A: Molecular and Biomolecular Spectroscopy. 2023. V. 294. Art. 122547. https://doi.org/10.1016/
j.saa.2023.122547 [https://doi.org/10.1016/j.saa.2023.122547]

4. TomoBbIe BEIYUCIUTE/IbHBIE CUCTEMBI A1 CYIIEPKOMIIBIOTHHTA U 5041

Baaepuit Ezopwes, KOTHHUTAP

B o6Cy>KAeHUH MBI IIPOKEM CBEPXY BHHS3 II0 TPeM 3Ta’KaM XpaMa IIPOMBIILIEHHBIX BEIYHUCIeHUH:

3. CpaBHUM CYIIepKOMIIbIOTepHI U3 crrcka TOII-500 ¢ IJIaHOM H IIPOrpeccoM CTPOUTeIbcTBa MH-aTa-IeHTPOB B MHpe, 06CyAUM
TIPOM3BOIUTEIHHOCTS B TUTaBaTTaxX U IIapazoKc J>KeBoHCa.

2. 3Ta>koM HIDKe IIOCMOTPHUM allllapaTHYI0 MarHIo - BRIYUCIUTeIbHYI0 HaUMHKY MH-aTa-IIeHTPOB.

1. BHM3Y YBH/IUIM CO3/laHHe UCTOYHHUKOB MaruH - GayH/pPHU-CTPOHTETHCTBO B 3aI1a{HOM IIOJTyIIIapHH.
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2. Convolutional Neural Networks and Bayesian Classification for Risk Assessment of High-Latitude Critical
Infrastructure

Vorobev A.V.(1), Lapin A.N.(2), Vorobeva G.R.(1)
(1) Geophysical Center of the Russian Academy of Sciences, (2) Ufa University of Science and Technology

Geomagnetic activity at high latitudes poses significant risks to the operation of certain technological systems within the critical
infrastructure of the Russian Arctic zone. In the absence or scarcity of instrumental data in hard-to-reach regions, the use of
participants#list_of_paticipantsnatural indicators of space weather, including polar aurorae, becomes highly relevant. In this work, we
develop an approach based on convolutional neural networks and a Bayesian classifier to estimate the posterior probabilities of extreme
geomagnetically induced currents and additional inclinometric measurement errors arising from the highly variable magnetic environment
of the Arctic region. Using an analysis of synchronous auroral observations over 7 years (2015-2021), training datasets are constructed and
corresponding statistical relationships, consistent with the physical mechanisms of the processes under study, are established. Application of
ensemble models to the acquired datasets reveals that the highest risks of extreme measurement errors in azimuthal and zenith angles in
the Arctic region occur during the observation of bright, well-defined aurorae in the southern part of the sky (4.9% and 14.7%, respectively).
The results of our research robustly demonstrate the feasibility of using visual observations of aurorae in the optical range as a natural
indicator of geomagnetic conditions to support decision-making in the operation of technological facilities in high-latitude infrastructure.

16. ABTOMaTH3aug 00Hapy>KeHHA HEPKH B JaHHBIX BH3yaJIbHOM ONTHYECKOI CheMKH c 6opTa BILIA B paiioHe
o3epa HaunkuHckoe (KaMuaTKa) ¢ mpuMeHeHHEeM HCKYCCTBEeHHBIX HEMPOHHEBIX ceTeil


https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://rscf.ru/project/22-12-00138/
https://doi.org/10.1016/j.foodchem.2015.06.074
https://doi.org/10.1016/j.foodchem.2015.06.074
https://doi.org/10.1016/j.foodchem.2015.06.074
https://doi.org/10.1016/j.foodchem.2015.06.074
https://doi.org/10.1016/j.foodchem.2015.06.074
https://doi.org/10.1016/j.foodchem.2015.06.074
https://doi.org/10.1016/j.saa.2023.122547
https://doi.org/10.1016/j.saa.2023.122547
https://doi.org/10.1016/j.saa.2023.122547
https://doi.org/10.1016/j.saa.2023.122547
https://doi.org/10.1016/j.saa.2023.122547
https://doi.org/10.1016/j.saa.2023.122547
https://doi.org/10.1016/j.saa.2023.122547
https://doi.org/10.1016/j.saa.2023.122547

IIlamaaoe mumpuil mumpueeuu (1), Kpunuukuii Muxaun Anexceesud (1,2), Ily6xuH Cepezeili Bukmoposuy (3)
(1) M®TH, (2) HO PAH, (3) Kamuamckuii punuan I'HI] P PIEHY « BHHPO» (“KamuamHHPO”)

MOHHUTOPHHT HEPeCTOBOTO X0/]a TUX00KeaHCKHUX JI0COCeH, B 4YaCTHOCTH HepKu (Oncorhynchus nerka), mpejicraBiisseT co60H
byH/IaMeHTa/IbHYIO 3a/iavdy JJIs OLleHKH JMHAaMUKH IIONYJ/IALUI 1 06eclledeHHs paljioOHaJIbHOIO IIPUPO/0II0/Ib30BaHus. TpafUIIMOHHbIe
BHU3yaJbHbIe MeTO/BI yUeTa, BKJII0Yasi HaseMHble MapLIPyTHEIe 06C/Ie/J0BaHUS U a3pOBHU3yalIbHble HAaOII0/IeHHs, XapaKTePHU3YHTCS
SHAUUTEJbHOM TPYJ0€MKOCTBIO U CYLI[eCTBEHHOH CyO'beKTUBHOCTBIO OI[€HOK 0IIepaToOpoB. PasBUTHe TeXHOJIOTHUH JUCTaHIIMOHHOIO
30HIUPOBaHU C IPIMeHeHHeM 6eCIIUIOTHBIX JleTaTeIbHBIX anmapaToB (BII/IA) OTKPBLIO BO3MOXKHOCTD IT0JIyUYeHHs OpTOGOTOILIAHOB
CBEPXBBICOKOT0 PaspellleH s, IIOKPHIBAKOIIUX IIPOTsSDKeHHbIe HepeCTIININA B TPYAHOAOCTYIIHBIX palioHax [1]. Osepo HauuKuHCKOe,
SIBJISISACh KPYIIHBIM HepeCcTOBBIM BofloeMOoM KaMuaTCKOro Kpasi, XapaKTepH3yeTcsl BBICOKOM IIOTHOCTBIO IIPOU3BOUTe e HEPKU B IIEPHUOJ,
MacCoBOT0 HepecTa, YTO II0POKaeT CyIlleCTBeHHBIN 06beM BHU3ya/IbHBIX JAHHBIX U JleJlaeT UX PYYHYH0 06pab0oTKy IIpaKTHYeCKH
HepeausyeMoii. HacTosimee HccaefloBaHUe IIOCBAIEHO pa3spaboTKe U alrpobaliiy MeTo/ja aBTOMaTH4eCKOro 06Hapy»KeHUs1 0cobell HepKH
Ha opTodOTOIUIaHAaX C IPUMeHeHHeM HelpoceTeBbIX Mofiesiel ceMericTBa YOLO Kak OZfHOTO U3 IepCIIeKTUBHBIX II0AX0Z0B [JI
TIOoC/Ie/lyIOIeT0 aHaIK3a IT0Be/leHHs. IMIIMPHUYeCcKHe JaHHble OBLIH II0JY4YeHE] B X0/ie a3p0POTOCheMKH I106eperkbsi X MeJIKOBOJHBIX
y4acTKOB HepeCcTHJIHIL o3epa HauukuHckoe ¢ npuMeHeHneM BIIJIA T'eockas 201M. ITosrygeHHBIe H300pakeHUsI ObLIM 06paboTaHEI B
Agisoft Metashape Professional ¢ mocTpoeHreM opTo$OTOIZIaHA BRICOKOTO IIPOCTPAHCTBEHHOTO pa3pellleH s, II0cJIe Yero OH 6bLT pasouT
Ha TalJIbl QUKCHPOBAaHHOIO pasMepa U pasMeueH C BblleJIeHHeM 0co6ell HepKH OTpaHUYHBAIOLIUMU IIPIMOYTOJIbHUKaMH. [l
aBTOMAaTHU3UPOBAaHHOI0 00HAPYKeHUS UCII0JIb30BaIMCh MoJiesTu ceMeticTBa YOLO, BEI60P KOTOPHIX 06YCI0BJIEH HEOOXOUMOCTEI0
COBMECTHUTH IIpHeMJIEMYI0 TOYHOCTH PaclioO3HaBaHHUA C BBICOKOM CKOPOCTBI0 06paboTKH 60IBIINX 06 beMOB a3pOBHU3yaIbHBIX JaHHBIX.
binskas mocTaHOBKa 3aZlady KOMIIBIOTEPHOTO 3peHHs [T yueTa IIpOMU3BOAUTe el HepKHU 110 JaHHBIM BIIJIA y>Ke ImoKasasa IIpaKTH4YeCKYI0
NIPUMEHHUMOCTD II0J00HBIX II0X0/0B [2]. ATIpo6ariysa Mo/e/Id IT0Kasasla, YTO OCHOBHBIMH $aKTOpPaMH, OTPaHHYHMBAIOIIMMU TOYHOCTD
o6Hapy>KeHUs1, 0CTal0TCsI HEOTHOPOAHOCTD YCIOBHUM CheMKH U Hec6a/IaHCUPOBAHHOCTE 00y4arolieli BbIGOPKH, CBI3aHHAL C
HepaBHOMEPHBIM pacIIpe/ieJIeHHeM PBIOHI B IIpefieiaX HepeCTUIUI,. IlolydeHHbIe pesy/IbTaThl II03BOJILIOT paccMaTpuBaTh YOLO-
ZleTeKTOpBI KaK OCHOBY JIJI1 yCKOPEHHOI'0 aBTOMAaTHU3HMPOBAaHHOIO II0/icUeTa HePKU U KakK 3a/ieJI I CIe/lyIoIlero arama uccaefoBaHusI —
MYJIbTHOOBEKTHOTO TPeKHHTa 0cobel Ha ITyTSIX HepecToBOM Murpanuu. [1] - MasaukoBa O.A. U fip. “BeclIiIOTHEIe JleTaTeIbHbIe
ammapaThl KaK OJJH U3 UHCTPYMEHTOB OIleHKH II0X0/J0B TUX00KeaHCKUX Jiococed B KamuaTckom kpae” (2025) [2] - IToTamioB A.C., PaseeB
E.C., Maibix K.M. “IIppuMeHeHHre MeTOZ,0B KOMIIBIOTEPHOIO 3peHUs /11 a9POBU3YaILHOIO yU€Ta IIPOU3BOAUTe el HepKu ¢ 6opTa BIIJIA B
6acceiiHe 03. Asabaube B 2024 1.” (2025)

23. Structured Training Ablation and GSD-Adaptive Orthophoto Inference for UAV-Based Pavement Defect
Detection with YOLO26

Ahsan Mustafa (1,2), Mikhail Yu. Kataev (3), Dmitry S. Efremenko (1)
(1) HSE University, Moscow, (2) National University of Science and Technology MISIS, Moscow, (3) Tomsk State University of Control Systems
and Radioelectronics, Tomsk

Automated detection of pavement surface defects from unmanned aerial vehicle (UAV) imagery can substantially reduce the cost and labour
of road condition surveys. Two questions that remain largely unanswered in current literature are which training configuration choices
actually drive accuracy gains, and how well a model trained on low-altitude UAV images generalises to the higher-altitude orthophotos used
in real-world deployment. This paper addresses both. We train YOLO26 on the UAV-PDD2023 benchmark dataset (2,439 images, six defect
classes) and run a controlled five-configuration ablation study that independently varies hyperparameter settings, preprocessing, and data
augmentation. The best combination reaches mAP50 = 0.859 and mAP50-95 = 0.631 on the held-out test split, a 57% and 133% improvement
over the default baseline respectively. Raising input resolution from 640 px to 1280 px is the single largest contributor; preprocessing and
augmentation each add com plementary gains. We then deploy the best model on three real-world GeoTIFF orthophotos through a ground-
sampling-distance (GSD) adaptive tiling pipeline. The pipeline selects tile dimensions to match the ground coverage seen during training,
applies cross-tile non-maximum suppression, and converts bounding boxes to WGS84 coordinates. Despite a measurable domain gap, the
pipeline identifies all six defect classes across scenes spanning up to 322 x 843 m, with 2,201 detections on the largest mosaic. Exported
GeoJSON and annotated GeoTIFF outputs are validated in QGIS against source rasters.

29. Integrated Study of Seismoacoustic Facies Types Using Deep Learning Methods in the Romanche Fracture
Zone

Popov M.S.(1,2), Borisov M.A. (2), Borisov D.G.(1)
(1) Shirshov's Institute of Oceanology RAS, (2) MIPT

This paper presents the development of a methodology and software for automated identification and classification of seafloor
seismoacoustic facies types using high-resolution data acquired during the 63rd cruise of the R/V Akademik Ioffe (2023) to the Central
Atlantic, organized by the Shirshov Institute of Oceanology, Russian Academy of Sciences. The classification targets are rare anomalous
seafloor morphostructures identified by the SES-2000 Deep parametric sub-bottom profiler, including contourite drifts and moats, transform
faults, mid-ocean ridges, sediment waves, and basin plains. Given the geological rarity of the target features (anomalies constituting less than
3-5% of profile lengths), the key approach employs self-supervised learning using MoCo v3 on the complete unlabeled data archive (~20,000
nautical miles), whereas supervised detector training relies on a labeled dataset of no fewer than 500 annotated features. Detection is
performed using the YOLO-v8 architecture, with the architecture selection verified through a comparative experiment (RT-DETR, Swin
Transformer, Mask R-CNN). Annotation follows an 11-class taxonomy (A; B1-B5; C1-C5) developed by the staff of the Laboratory of
Paleoceanology at the Shirshov Institute of Oceanology. The research was carried out within the state assignment of Ministry of Science and
Higher Education of the Russian Federation for IO RAS (theme No. FMWE-2024-0020).

26. ABTOMaTHYeCKas IIpeiBapuTeIbHad pa3MeTKa Cyl0BbIX CHUMKOB B 3a/laue 00Hapy >KeHHI IIJIaBaloIero
MOPCKOr0 Mycopa

H. A. I'epacumoe(1), M. A. Bopucos(1), M. II. ITozoxcesa(2, 3, 4), B. A. Cnupura(3), M. A. Kpuruuxuti(1, 4)

(1) Mockogckuil pusuxo-mexHuHecKuil uHcmumym (HayUOHALHLLI Uccaed08amensekull yHusepcumem), (2) MockoecKkuil 2ocydapcmeeHHblil
‘YHugepcumem umeHu M.B. JTomoHocosa, I'eoepaguueckuil paxynbsmem, Mockea, Poccus, (3) TocyoapcmeeHHblil okeaHozpaguUecKuil
uHcmumym um. H.H. 3y6o8a, Mockea, Poccus, (4) HHcmumym okeaHosoz2uu um. I1. I1. IITupwosa PAH

ABTOMaTHUecKoe HabJIro/ieHYe IJIaBaloIero MOpCKOro Mycopa II0 JaHHBIM CyZI0BOM GOTOCHEMKHU TpebyeT 06paboTKYU 60JIBIIIOT0
KOJIMYeCTBa CHUMKOB BBICOKOTO paspellleHus], B KOTOPHIX 06beKTEl HHTepeca — GparMeHThI IJIaCTHKA, IIJIaBalollas [peBecuHa —



3aHMMalT MaJyI YacTh ILIOIIaAH Kajipa, a II0jaBJIsAolee 60JIbIIMHCTBO KaZipOB He COJeP>KUT IeJIeBbIX 06beKTOB COBCEM.
TpaguLMOHHEIE MOZie/IM 0OHapy KeHHUs], 06ydaeMble C y4UTesleM, TPeOYIOT pasMeUeHHBIX BIO0OPOK, OPMUPOBaHMEe KOTOPHIX 3aTPYAHEHO
BBH/ly BApHaTUBHOCTH yCJI0BHH CbEMKHU U PeIKOCTH HabJIroZilaeMbIX 06BeKTOB. B HacTodIel paboTe IpeficTaB/IeHa aBTOMaTH4ecKas
cucTeMa IIpefiBapUTeIbHOM pPasMeTKH Ha 0CHOBe Moze i OWLv2, oCyIeCTBIIAIONIEH eTeKI[UI0 06beKTOB I10 TeKCTOBLIM OITHMCaHUAM 6e3
TIpefiBapUTEILHOr0 06y4eHHUs Ha I1eJIeBOM JJOMeHe: H300pakeHHs pasOHBal0TCI Ha IlepeKphIBarolyecss GparMeHTHl I COXpaHeHHs
YyBCTBUTEJILHOCTH K MaJIOpasMepPHBIM 06beKTaM, a IIepBUYHEIe 00HaPY>KeHU IIPOXOJAT QUILTPHI [JIs IT0/JaBJIeHH JIOXKHBIX
cpabaTbIBaHUM. Pe3yIbTaThl aBTOMaTH4YeCKH pas/ie/IgI0TCs Ha KaJpsl, Co/leprKallihe 1 He cofieprKallike 00beKThl HHTepeca, UTO UCKIIYaeT
IIyCThle CHUMKH U3 oOuepe/ild PyYHOro IIPOCMOTPA U COKpalllaeT Harpy3Ky Ha SKCIIePTOB. B IlepclieKTHBe IIJIaHUPYeTCs Ha OCHOBe
IpeJBapuTeIbHON pasMeTKH, BepHOUIIMPOBaHHOM 9KCIIepTaMH, CGOPMHPOBATh 06YUaIOIIy0 BHIOOPKY 0CTaTOYHOIO 06bEMa It
TPEeHHUPOBKH CIlel[iaJIl3HPOBaHHBIX Mo/jesIell 06Hapy>KeHHsI 1 IIPOBECTH IIOBTOPHYI0 Pa3sMeTKy MacCHBa JaHHBIX C IIOMOIIbI0 06ydeHHOH
MOZIeJIH, aflallTUPOBAaHHOM K YCI0BHSAM JaHHOHM 3a/jauu.

20. Peatn3anys JIOKaJIBHBIX MO/le/Ied MAaIlIHHHOT'O 00y4YeHHI 11 alllPOKCUMAHH KOPOTKOBOJTHOBOM paguaniuy
Y HOBEPXHOCTH 3€MJIH B 00JIAYHBIX YCIOBUSIX 110 re0pU3HUECKUM IpeUKTopaM A1 MOCKOBCKOT0O perHoHa

Ilempoe H.A.(1), Yybaposa H.E.(1), Bapenuoe M.H.(1,2)
(1) Mockoeckuil cocydapcmeeHHblil yHUgepcumem umeHu M. B. JomoHocosea, Mockea, (2) HayuHo-uccaedo8amenbcKuil 8b1UUCAUMEAbHDLIL
ueHmp MI'Y umeru M.B. JlTomoHocoea, Mocksa, 119991, Poccus

AtMocdepHas paguanys B KOPOTKOBOJIHOBOM (COJTHEYHOM) CIIEKTPe Y IIOBEPXHOCTH 3eMJIH SIBJISIETCS BaXKHOM YaCThI0 PafialliOHHOTO U
TeIUIOBOro 6aIaHCOB, UTPaeT 3HAYHUMYI0 PoJib B QOPMHUPOBaHUHU IIPU3eMHOM TeMIlepaTypsl Bo3ayxa. [Iph 3TOM KOMIIOHEHTBI
KOPOTKOBOJIHOBOM pafiialiiy CUJILHO M3MEHSIOTCS B YCJIOBHSX HEOJHOPOIHOTO 101 061a4HOT0 ITI0OKpoBa. Ha TeppuTopun
MeTeopoJioruyeckod o6cepBaTopun MI'V uM. M.B. JlomoHocoBa (MO MI'Y) ¢ 2021 . $yHKIIMOHUPYET KOMILJIEKC BEICOKOTOUHBIX
paguanuoHHBIX IPU60poB RAD-MSU (BSRN), KOTOPEIM IIPOBOAUT HaZéXKHbIe H3MepeHHs IVIOTHOCTEH II0TOKOB KOMIIOHEHT
KOPOTKOBOJIHOBOM U IJIMHHOBOJTHOBOM paguanuu [UybapoBa u fp., 2022; Piskunova et al., 2024]. OgHako, BO BpeMeHHBIX psifiax
H3MepeHUH KOMIUIeKca IIepPHOJUYeCKH BOSHUKAIOT IIPOIIyI[eHHbIe JaHHbIe, CBI3aHHBIe C IVIAaHOBBIMU paboTaMu. B cBs3H ¢ aTOH
npo6JieMoH, B HacTosiII[ee BpeMsI akTyaJIbHa 3a/iava I10 3aII0JTHEHHUI0 MMeIOIMX s IIPOITyCKOB B JAHHBIX H3MepPeHUH 110 H3BeCTHBIM
reousUUeCKUM IIpeflUKTOpaM. TaKuM 06pasoM, Ie/IbI0 JaHHOM PaboTHI SIBJISeTC pealn3aliis J0KaJIbHBIX PeIpeCCUOHHBIX MojesIelt s
anIpoOKCUMAaIlUHU IJIOTHOCTEH IT0TOKOB KOMIIOHEHT KOPOTKOBOJIHOBOM paguaiiiy (IIpsMas, paccessHHasi, CyMMapHasi) B 06/1a4HbIX
YCJIOBHSIX «KJIACCHUUEeCKUMM» aJITOPUTMaMH MallIMHHOro 06ydeHus 1y11 MO MI'Y. O6ydeHue MoJiesielt IIPOBe/leHO Ha JaHHBIX H3MepeHHH
RAD-MSU (BSRN) c aBrycra 2021 r. 110 H10HBb 2024 I. ¢ 4aCOBBIM yCpefiHeHHeM. IIpu 3ToM paccMaTpHUBaJIKUCh CIy4aH ¢ BeicoTaMH COJIHILA
6oJtee 10°, 6ayyIoM 06J1aYHOCTH 110 HabJIr0IeHUsIM 60J1b111e 0 ¥ IPOJ0JDKUTEILHOCTHI0 COJTHEUHOTO CUSIHUS MeHee 60 MUH. B yace, YTO
XapaKTepHO /I yCJI0OBUY 061a4HOro Heba. B Xozie paboT o peajusanyiv Moiesiel IIpoBefiéH 0TO60p Hanbosiee BayKHBIX Te0QU3UUeCKUX
MIPeJUKTOPOB OT/EJIbHO AJI IIPSIMOM, pacCcessHHOM ¥ CyMMapHOM COJTHeUHOM paguanuy. B paboTe IpoBeieHbI peaainsanus U
TeCTUPOBaHHe Pas/IMYHBIX PerpecCHOHHBIX MO/lesIel MAalllTMHHOTIO 00y4eHHs], BK/IIOYAIOIUX B Cebs TUHEHHYI0 PerpeccHio, alropuTm k-
6urpKalIux cocefielt, MeToz ciydaiiHoro jeca (Random forest regression), a Takke aJropuTM rpagueHTHOro 6yctunra (Catboost) [ht
catboost.ai/] [https://catboost.ai/]]. CTaTHCTHYeCKas OIleHKa BOCIIPOU3Be/leHH I1eJIeBbIX IIepeMeHHBIX IIPOBO/MJIACH C IIOMOIIIBI0 METOJ,
CIyd4alHOM TeHepaliy IIogBEIO0POK «Bootstrap». [IpoBeféHHasa paboTa HeobxoguMa 11 GU3HMIeCKH KOPPEKTHOTO 3aIl0THeHUS
IIPOIIYCKOB B IaHHBIX U3MepeHUH RAD-MSU, a Tak’Ke BayKHa /I IOHUMaHUS POJIH Pa3IMYHBIX re0pU3UUeCKUX PaKTOPOB B
$opMHUPOBaHUHU KOPOTKOBOJIHOBOM paZilaliiy.

Pa6oTa BBIIIOTHEHA IIPH ITOAiZiep>KKe Poccuiickoro HaydHoro GoHza (poeKT Ne25-27-00014).

1. YybapoBa H.E., Po3eHTasns B.A., )Kganosa E.10., IToroxoB A.A. HOBBIM pafipialfiOHHBIN KOMILIEKC MeTeopoIoTHuecKod 06cepBaTOpUU
MI'V cragzmapTa BSRN: MeTofHYecKIe aclleKThI U IIepBble pe3yIbTaThl H3MepeHH. - OnThKa atMocdepsl U oKeaHa, 2022, T. 35, Ne 8, C. 670-
678. DOI: 10.15372/A0020220811

2. Piskunova D., Chubarova N., Poliukhov A., Zdanova E. Radiative Regime According to the New RAD-MSU (BSRN) Complex in Moscow: The
Roles of Aerosol, Surface Albedo, and Sunshine Duration. - Atmosphere, 2024, vol. 15, No. 2, P. 144. DOIL: 10.3390/atmo0s15020144;

3. AsroputM CatBoost [dsekTpoHHEIN pecypc]. URL: https://catboost.ai/ [https://catboost.ai/] (aTa obpamenus: 20.12.2025).

19. Self-Supervised Eddy Embeddings for Irminger Ring Analysis in the Labrador Sea

Mikhail Kalinin(1), Mikhail Krinitsky(1,2)
(1) PP.Shirshov Institute of Oceanology, (2) Moscow Institute of Physics and Technology

Deep convection in the Labrador Sea is a key component of the Atlantic Meridional Overturning Circulation (AMOC), and its variability is
strongly modulated by mesoscale eddies, particularly Irminger Rings (IRs). In our previous work, we presented a convolutional neural
network for IR segmentation in the high-resolution NNATL12 ocean model output (1994-2015). In this study, we developed a self-supervised
contrastive learning approach applied to over 53,000 eddy snapshots identified by that segmentation model. With our neural network
trained on the data from 1994 till 2015, we map each eddy snapshot described by surface relative vorticity and sea surface height (SSH) fields
to a compact vector embedding space, where similar eddies cluster together. Despite using only surface signatures as input, the resulting
embeddings capture information about both surface dynamics and upper-ocean heat and salt content, learned through a weakly supervised
regression objective. This demonstrates that the surface expression of Irminger Rings encodes their subsurface structure, making the
approach suitable for satellite-observable applications. We found that without explicit supervision, the resulting embeddings capture
similarity regarding key physical characteristics — vorticity, heat content, salinity, and size. Once the eddies are embedded, one may group
them by type, retrieve by similarity, and analyze at scale to reveal relationships between eddy properties and their environment. This
finding opens the door to systematic studies of different eddy families influence on deep convection. The approach is easily transferable to
other eddy-rich regions and ocean model configurations.

12. VcKopeHHe UNCIEHHOT0 MO/ e THPOBaHU B 3a7jlade paccessHUusI aTMocdepHBIX IpuMeceii B ropocKoit
3aCTpoiKe MeTOfaMH IJTy00KOro 00ydeHus

H. A. I'epacumos(1), M. A. Kpunuyxuii(1, 2), E. B. Mopmukose(3,4), A. B. le6obckuii(3,5)

(1) Mockogckuil pusuxo-mexHudecKuil uHcmumym (HayUOHATbHLLI UCCAe008amMebCKUll yHugepcumem), (2) HHcmumym okeaHoi02uu um. I1.
II. IlTupwosa PAH, (3) HayuHo-uccs1e008amebCKUll 8bIHUCAUMEAbHBLI UeHmpP MOoCK08CK020 20Cy0apcmeeHH020 YyHugepcumema umeHu M.B.
JlomoHocosa, (4) Mockosckuil yeHmp yHOaMeHMaAbHOU U NpuKkAadHoil mamemamuxku, Poccus, (5) HHemumym gusuxu ammocgepul um.
A.M. O6yxoea PAH

IIporHO3upOBaHMe IPOCTPAHCTBEHHOTO PaCIpe/ieIeHHsI KOHIIEHTPAITUH MeJIKOAHCIIePCHBIX gacTuly (PM 2.5) B TOPO/ICKO# 3aCTpoHKe
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MeTO/OM KpYIHBIX BUXpei (LES) TpebyeT IIpoJ0/DKUTeIbHBIX PACY€TOB /I JOCTHXKeHHS CTallHOHAPHOI0 PesKHMa, YTO 3aTPYLHSET ero
IIpUMeHeHHe /I OIIepaTUBHOI0 aHa/IM3a KadeCcTBa BO3/lyXa U IIPOeKTHPOBaHUS TOPO/CKUX 30H. ITo/IyaMIIMpHUYecKue rayCCoBBI MOJeIH
paccessHUs [eMOHCTPHUPYIOT HU3KYI0 TOUHOCTD B YCJIOBUAX CJI0KHOM rOPO/ICKOM reOMeTPHH, I7[e B3aUMOJeHCTBHE II0TOKa C 3aCTPOUKON
TIOPOXKJaeT PeJUPKY/IAIIMOHHBIE 30HBI M KAHbOHHBIE 3Q$eKThl. B HacTosIelt paboTe IIpefiyIoykKeHa Mo/ie/Ib Ha OCHOBe CBEPTOUYHOM
apXUTeKTYpPHI THIIA KoJep-ieKofiep, o6ydaeMasi Ha pe3yJbTarax LES 1 alllIpOKCHMHUPYIOIIasi CTallHOHAPHOe I10JIe KOHIIeHTpaluu. Mojelb
IPUHUMaeT MHOTOKaHaIbHOe IIpe/icTaBjIeHHe IIPOCTPaHCTBEeHHBIX M GHU3HUeCKHUX XapaKTePUCTHK pacyéTHOM 061aCTH U OPMUPYeT I10JI5
KOHIIeHTPAaIluY Ha II9TH BBICOTHBHIX YPOBHSIX. K/F0UeBEIM pellleHHeM gBJIsIeTCs II0CI0HHOe BHeJpeHHe BeTPOBO HHOPMAIIUH B IeKOZED,
YTO II03BOJIIET YUUTHIBATh HAIIpaBJIeHHe U CKOPOCTh BeTpa Ha Pas/IMYHbIX IIPOCTPAaHCTBEHHBIX MacllTabaX. PyHKIMA II0TePh BKIYaeT
bu3HMYeCKH MOTUBUPOBAHHBIN IITpad 3a HeHyJIeBYIO aIllIPOKCUMAIIMI0 BHYTPHU KOHTYPOB 3[jaHUM, II0AaBJIAIOIINN HeQU3UUHbIe PellleHUs.
O6yuarorrast BeI6opKa (~31 000 06pasIfoB) IIoJIydeHa IIpHM BapbUPOBaHUHU BeTpa, KOHPUIYPAITUH 3aCTPOMKHU U PACIIOJIOXKeHUSI HCTOUHHUKOB
aMuccuy. Mojiesib foCTHTaeT KoadourpeHTa feTepMUHanuu R? = 0,97 Ipy IpaKTHYeCKH HYJIeBOM CHCTeMAaTHIeCKOM CMEITleHUH Ha
BaJIM/IallIOHHON BEIGOPKe 110 BCeM BBICOTHBIM YPOBHAM. B IlepcIleKTHBe IUIAHUPYETCs PaclIipeHre Ha IPOU3BOJIbHEIe KOHQUTYpaiuKl
3aCTPOMKH U HeyCTOMUMBYIO CTPAaTUQHUKALIMIO aTMOCQEpEL

11. AHAJIN3 CTPYKTVYPBI JAHHBIX CTPATOC®EPHOI'O IIOJIIPHOTI'O BUXPA C IPUMEHEHHUEM
CAMOKOHTPOJ/IMPYEMOI'O OBYUYEHHS

E. A. lemudoea(1), M. A. Kpunuyxuii(1,2)
(1) Mockogckuil usuxo-mexHudecKuil uHcmumym (HayUOHATbHLLI UCCAe008amebCKull yHugepcumem), (2) HHcmumym okeaHoi02uu um. I1.
II. IlTupwosa PAH

CtpaToc¢epHBIH OIpHBIY BUXph (CIIB) IpeacTaBisieT co60H KPYITHOMACIITAOHYI0 [TUKIOHUYECKYI0 IUPKYJISAIINI0, QOPMHUPYIOIIYIOCS B
OCeHHe-3UMHHUH ITepHoJ, HaJ, II0JIAPHBIMY PeTHOHaMHU BCJIe/[CTBHEe BO3pacTaHUA MePHIMOHAIBHOIO IpaJlieHTa TeMIlepaTypsl. JJuHaMUKa
CIIB, XapaKTepH3YIOIIasics CUIIbHOM MeKI0Zl0BOM N3MEHUHBOCTEIO, UTPaeT QyHJAaMeHTaIbHYI0 POJIb B KIIMMaTHYeCKOM CUCTEME,
BBICTYIIas OCHOBHBIM PeryJIATOPOM IIepeHoca Tellla, HMITyJIbca M XMMHUYeCKUX Bell[eCTB B cTpaTocdepe HaJ, IIOJIAPHBIMHU 06J1aCTIMU H 3a
uXx 1pefieslaMu. CJI0KHOCTB U HeJIMHEeHMHBIN XapaKTep YKasaHHBIX IIPOI[eCCOB OTPaHUYUBAIOT IIPUMEHUMOCTh TPAaJUIIMOHHBIX YU CIeHHBIX
MoJieJIeH [Isg [0JITOCPOYHOIO IIPOTHOSHPOBAaHK COCTOSHUS BUXPS. B HacTodIIleM HccIe[0BaHUH IIpe/JIOKeH II0XO0/, K BBISBIEHHUIO
XapaKTepHBIX cocTOsTHUM CIIB Ha 0CHOBe MAIIMHHOTO 00y4eHHUs], 3aKII0Ya0IIHICS B II0C/Ie/[0BaTeIbHOM CHIYKEHUH PasMepHOCTH
HCXOJHBIX JJAHHBIX C IIOCIe/lyoleli KacTepH3aljiel II0Iy4eHHBIX HU3KOpa3sMepHBIX CKPHITHIX IIpe/icTaBaeHUH. Ha IlepBoM aTarie 6bLIH
IIPOTeCTUPOBAHBI METO/BI CHIKEeHHsI PasMePHOCTH, BK/II0Uas CAMMETPHUYHBIN CBePTOYHBIHN aBTOKO/JHUPOBILIHK, er0 BapHallOHHY0
MoAuGHUKaIIMIO, @ TAK)Ke MeTO/ KOHTPacTHOro o6ydeHuss MoCo. B kauecTBe IIPM3HAKOBOIO OIIMCAaHUS UCII0JIb30BaIMCh I10JIS
IIOTeHIMaJIbLHON 3aBUXpPeHHOCTH (PV) U reonnoTeHIanbHOM BeICOTEI (HGT) Ha ypoBHe 10 rlla Hag ApKTUKOM B SUMHUM IIepUOZ, 110
JAaHHBIM peaHan3sa JRA-55 3a 1958 - 2017 rogpl. Ha BTopoM aTarle I0JIy4eHHbIe BeKTOPBI CKPBITHIX IIPe/iCTaBJIeHUH OBLIN II0/{BePIrHY ThI
IUIOTHOCTHOM U HepapXU4ecKoH KiiacTepusanuu. [loyueHHbIe 3HaUeHUsI KoagdurireHTa cuayaTa (0,034-0,081), a Taxyke pe3ysbTaThl
aHcaM6JIeBOr0 aHaJIM3a, KOTOPKIH CKopee yKashlBaeT Ha CyI[eCTBOBaHMeE eJMHOI0 KjacTepa, HapsAy ¢ SKCIIePTHBIM IIOHUMaHHeM
CYIIleCTBOBaHMU BbIfle/IEHHBIX COCTOSIHHI BHUXPSI, BMeCTe yKashbIBalOT Ha OIIpeZeJIII0IIYI0 POJIb II0AX0/ia BEIyYHMBAaHUS BEKTOPHBIX
MaJIopasMepHBIX IIpe/icTaBIeHUN B 3aiade UCCIe0BaHUA CTPYKTYPhI JaHHBIX: B 3aBUCUMOCTH OT IIPE/IIOCBLIOK, II0JI0’KEHHBIX B OCHOBY
MeTO/ja HeHpOCeTeBOro MeTO/a CHYDKEHMS pa3sMePHOCTH, I10JIydaeMble IIpe/iCTaBJIeHUsI MOTYT ObITh IIPUMEHUME] B Pa3/IMYHBIX KOHEUHBIX
3a/jadax - OT IIPOTHOSUPOBAHMU /10 BBIBJIEHHS CTPYKTYPBI JaHHBIX.

37. Cloud Base Height Estimation from Stereo Images Using Deep Feature Matching and Temporal Filtering

Ivan Ustimov(1),0leg Postylyakov(2), Alexei Chulichkov (1), Michail Krinitskiy(3,4), Michail Borisov(4), Ekaterina Belkova(5), Vasily Lulukin(2)
(1) Moscow State University of Lomonosov, (2) Institute of Atmospheric Physics Russian Academy of Sciences, (3) Moscow Institute of Physics
and Technology, (4) Institute of Oceanology Russian Academy of Sciences, (5) Institute of Oceanology Russian Academy of Sciences

Continuous monitoring of cloud base height (CBH) is essential for meteorology, aviation safety, refining measurement models during optical
measurements, and climate modelling. Traditional laser ceilometers provide precise but pointwise measurements and are expensive to
deploy at scale. We present a passive stereo-vision pipeline that estimates CBH from a pair of ground-based sky-facing images. The processed
images represent 30°x30° angular sections captured by fisheye-type cameras. The cameras are installed at the ZNS of the A.M. Obukhov
Institute of Atmospheric Physics, Russian Academy of Sciences, with a stereo baseline of 45 m. The report presents the first results of the
developed algorithm and its comparison with laser ceilometer measurements. The core of the pipeline is LoFTR (Local Feature
TRansformer), a detector-free deep learning architecture based on Vision Transformers that produces dense, sub-pixel correspondences
between the two views directly from image pairs without a separate keypoint detection stage. The disparity of each matched pair is
converted to height via an equidistant-projection stereo formula derived for the fisheye geometry. Clusters of consistent disparities
corresponding to distinct cloud layers are extracted using HDBSCAN, a hierarchical density-based clustering algorithm that automatically
rejects outlier correspondences from clear-sky regions or lens artefacts. To enforce physical consistency across time, we introduce a three-
stage spatial filter (DBSCAN sub-clustering, convex-hull density check, and neighbour-consistency verification of disparities in image space)
and a one-dimensional adaptive Kalman filter with innovation-dependent measurement noise covariance. The adaptive measurement
scheme automatically down-weights likely outliers without hard rejection thresholds, suppressing physically unrealistic frame-to-frame
jumps of up to 500 m per 10 s. The pipeline is validated against a co-located DOL-2 laser ceilometer (semiconductor pulsed laser, 10-3000 m
range, +(5 + 0.05H) m accuracy) using a 5-hour daytime sequence acquired on May 23, 2025. Raw per-frame estimates exhibit poor global
Pearson correlation (r = 0.04) with the ceilometer due to wind-driven decoupling of cloud layers observed by the two instruments. After
temporal filtering and splitting the series into 30-minute windows with individual time-shift alignment, the mean correlation rises tor = 0.61,
and 72% of windows (13 out of 18) achieve r > 0.5, with a maximum of r = 0.94 under favourable atmospheric conditions. The Kalman filter
reduces the median frame-to-frame height jump by a factor of 4.3 and raises the 5-hour autocorrelation of the height series from 0.11 to 0.90.
The discrepancy between measurements by the two instruments can be explained by several reasons. Calibration errors of mutual camera
orientation likely contribute to systematic bias. Part of the difference may also arise from the fundamentally different principles underlying
CBH determination: the stereoscopic method can detect cloud layers that are effectively transparent to the laser ceilometer.

44. Texture Based Explainable Machine Learning for Automated Glacial Crevasse Detection in GPR Radargrams

Ripul Ghosh(1,2), Ashish Lawaniya(1), Anuj Kumar Mishra(1,2), Sergey Popov(3,4), Marina Kashkevich(3_, Margarita Stepanova(5), Satish
Kumar(1,2)

(1)Centre of Excellence for Intelligent Sensors and Systems (iSenS), CSIR-Central Scientific Instruments Organisation, India

(2)Academy of Scientific and Innovative Research (AcSIR), India

(3)Institute of Earth Sciences, Saint Petersburg State University, Russia



(4)Gramberg All-Russian Scientific Research Institute for Geology and Mineral Resources of the World Ocean (VNIIOkeangeologia), Russia
(5)The Faculty of Physics, Saint Petersburg State University, Russia

Glacial crevasses across Antarctica’s ice sheets pose risks to human activities and transportation in polar regions. Reliable crevasse detection
is essential for safe scientific expeditions and surveys. Though ground penetrating radar (GPR) is widely used for crevasse detection, manual
interpretation of radargrams remains time-intensive and dependent on operator expertise. Recently, advances in computer vision and
artificial intelligence have enabled automated detection of these crevasses. Although deep learning approaches have shown promising
performance, lightweight machine learning frameworks have received relatively less attention for automated crevasse detection. This work
integrates an explainable machine learning framework for the automated crevasse detection in GPR images using the texture-based feature
extraction techniques. A dataset consisting of 503 real and synthetic radargram image frames representing hyperbolic subsurface reflections
and background radar signatures was prepared. For the improvement of the spatial localization and increase sample diversity, the frames
were obtained through a sliding window 512 x 512 pixel with an overlap of 50% in both dimensions. Three handcrafted texture feature
extraction approaches namely Gabor filtering, histogram of oriented gradients (HOG) and local binary pattern (LBP) were explored to
characterise the radargram images. Gabor filtering was used to capture multi-scale texture orientation with the frequency responses that
closely align and represent the wave propagation characteristics in the radar images. HOG descriptors were used to represent local edge
orientation patterns associated with hyperbolic boundaries. LBP descriptors were extracted for the characterisation of local texture micro-
patterns and intensity transitions which are present in radar reflections. Further, these extracted feature representations were evaluated
using the four different lightweight machine learning classifiers such as shallow artificial neural network (ANN), support vector machine
(SVM), random forest (RF) and extreme gradient boosting (XGBoost). To improve interpretability and understand feature contributions,
SHapley Additive exPlanations (SHAP) was integrated as an explainable artificial intelligence (XAI) framework. SHAP analysis enabled the
identification of the different dominant texture features which influence the classification decisions. This interpretability component helps
in the improvement of the model transparency. Thus, supports trustworthiness in safety-critical applications where automated decisions
directly influence operational planning.

48. IlapaMeTpH3anys cyGMe30MacIITaGHOr0 BEpTHKAIFHOI0 IIOTOKA IUVIABYYECTH C IIOMOIIBI0 CBEPTOUHOI
HelpOHHOII CeTH Ha 0CHOBE KPYITHOMAaCIITa0HBIX XapaKTEPHUCTHK IIEPEMENIAHHOTO CJIOS

Pe3goe Badum FOpveeuu(1,2), Kpunuykuii Muxaun Anekceeguu(1,2)
(1) Mockosckull pusuxo-mexHudeckuil uHcmumym (2) HHemumym okeaHoao2uu um. ILIL IITupwosa PAH

PaspaboTka ITapamMeTpH3aliuii cybMe3oMaciITabHOT0 BepTUKAJIbHOI0 ITI0TOKa ITaBydecTH (SVBF) ocTaéTcs ofHOM U3 KJII0OUeBBIX 3afad AJIs
KJIMMaTHYeCcKUX MoZiesled OKeaHa. B taHHOM paboTe IpefjiaraeTcss HeHpoceTeBOM IIOXO, II03BOJISIIOIIUY BEIPa3sUTh OCPeSHEHHBIM 110
epeMelllaHHOMY cJ10i0 SVBF uepes orpaHUUYeHHBIN Ha60p KPpyITHOMAacCIITaOHbIX XapaKTepPUCTUK TeueHUs U cTpaTUPUKaIuY. B kauecTBe
MPeJUKTOPOB UCII0JIb3YIOTCS I10JIs, OCPeJHEHHEIE 110 IJTy6HHe IlepeMelllaHHOIo CJI0S: IPaJHeHT IIaBy4eCcTH, 3aBUXPeHHOCTb,
IVBEPreHIs, CKOPOCTh JedpopMaliyy, INIy6rHa IepeMellIaHHOro CJI0s, INTy61Ha Typ6y/IeHTHOT0 IIOTPaHUYHOI0 CJI051 ¥ TypOyIeHTHas
KHHeTH4YecKas 9Heprus. VicXofiHble JaHHbIe IIpe/loCTaB/IeHbl HeaTUu3UPOBaHHBIM YHC/IeHHBIM 9KCIIEPHMEHTOM BBICOKOTO paspelleHHus, B
KOTOPOM BOCIIPOM3BOJUTCS aHCaMObJIb Cy6Me30MacIITabHbIX IIPOIleCCOB B IoMeHe. /IJIs1 BOCCTaHOBJIEHUS IIPOCTPAaHCTBEHHOMH CTPYKTYPHI
ocpefHEHHOT0 SVBF Hucnosb3yetcs cBépTouHast U-Net-mofo6Hast apxuTeKTypa. O6ydeHre IIPOBOAUTCS Ha PacIINPeHHOM BpeMeHHOM psifie,
OXBaThIBAIOIIeM pasIMYHbIe $asbl IBOJIIOIIUH II0JI TeUeHHUs U cTpaTUGUKaIIUU. MofieIb [eMOHCTPUPYeT 3HaUKMOe IIPeUMYIIeCTBO Haf,
OIIOPHBIM pellleHHeM U XOPOIII0 BOCIIPOM3BOJUT KPYITHOMACIITaOHYI0 CTPYKTYPY II0TOKAa. AHAJIN3 Ba)KHOCTH IIPU3HAKOB I10Ka3bIBaeT, UTO
OCHOBHOM BKJI/| B aIlIIPOKCHUMAI[HI0 BHOCAT 3aBUXPEHHOCTD, TypOy/IeHTHasl KUHeTHYeCcKast 9HepIys U IIyOHHa IlepeMelllaHHOIO CJI0s.
Ilosy4ueHHBIe pe3yIbTaThl CBU/IETEILCTBYIOT O II€PCIIEKTUBHOCTH HCII0/Ib30BaHUS CBEPTOYHBIX HEMPOHHBIX CeTeH /ISt II0OCTPOEeHUS
dusHuUecKy 060CHOBaHHBIX ITapaMeTpH3aliui cybMe30MacIITabHOI0 BePTUKAIBHOIO II0TOKA IIJIaBYy4eCTH, IIPUTOAHBIX [/Is1 BHEJpeHUs B
ry106aIbHbIe MOZIeJIN IIUPKYJIAIIUY OKeaHa.

53. Improving Wind-Wave Estimation from Shipborne Radar Data with CNNs, Synthetic Pretraining, and Weather
Forecasts

Alexander Suslov (1), Mikhail Krinitskiy (1, 2), Alexander Gavrikov (1), Mikhail Borisov (2), Natalia Tilinina (1), Vadim Rezvov (2)
(1) Shirshov Institute of Oceanology, Russian Academy of Sciences, Moscow, (2) Moscow Institute of Physics and Technology, Dolgoprudny,
Moscow Oblast

Shipborne navigation radars are essential for safe maritime navigation, enabling the detection of vessels and obstacles. Reflections from the
sea surface, known as Bragg scattering, generate sea clutter; which is typically filtered out as noise. Under sufficiently rough sea conditions,
with wind speeds exceeding 3 m/s and significant wave heights exceeding 0.5 m, this clutter becomes visible in unfiltered radar images and
can be used to retrieve wave parameters. Traditional methods for estimating wave parameters rely on 3D Fourier analysis and complex
calibration procedures, resulting in high computational costs. Deep learning methods, particularly convolutional neural networks, can
overcome these limitations by processing noisy radar images directly, without requiring Fourier transforms or long temporal image
sequences. In this study, we present SeaVision, a CNN-based package for estimating wind-wave characteristics from shipborne radar data.
We trained a ResNet-52 model to estimate significant wave height and wave period using buoy measurements as ground truth. To improve
estimation accuracy, the framework combines single-snapshot radar imagery with auxiliary meteorological information, including real-time
onboard sensor observations and Global Forecast System operational forecasts. We also employ a synthetic pretraining strategy: the neural
network is first pretrained on synthetically generated radar images, which improves its generalization ability. The proposed approach
requires only a single radar snapshot to estimate wave characteristics, whereas traditional 3D Fourier-based methods require more than 12
minutes of continuous radar observations.

55. Cloud Base Height Assessment via Stereo-Based Neural Network Feature Matching

E.A. Belkova', M.A. Borisov?, M.A. Krinitskii*,?
1 Shirshov Institute of Oceanology, Russian Academy of Sciences, * Moscow Institute of Physics and Technology (National Research University)

Cloud base height (CBH) is a key meteorological parameter linked to atmospheric boundary-layer depth, required for aviation and maritime
safety. Conventional instruments such as lidars and radiosondes are accurate but costly and poorly suited to unstable platforms, while visual
estimation remains highly subjective. We present a stereo-photogrammetric method for CBH estimation from synchronous fisheye images of
the sky hemisphere, acquired by two ground-based cameras with a fixed baseline but imprecisely known mutual orientation. Camera
geometry is recovered using the Sun's position: a transformation matrix is computed from 40,062 solar position points using outlier-robust
fitting, correctly recovering the true camera rotation. Cloud features in synchronous image pairs are matched using a graph neural network -



SuperGlue, and CBH is estimated from the resulting parallax using stereo geometry. These estimates are then compared with co-located
instrumental measurements. The validation shows that a general-purpose neural feature matcher trained primarily on structured
architectural scenes has limited robustness when applied to diffuse, low-contrast, and rapidly changing cloud imagery. In many cases, the
number and spatial distribution of reliable matches are insufficient for stable parallax estimation. These results indicate that reliable stereo-
based CBH retrieval from sky images requires further refinement of the matching stage, either through cloud-specific fine-tuning of
SuperGlue, alternative dense-matching approaches, or improved preprocessing of cloud structures. The study provides a complete
computational pipeline for CBH estimation from stereo sky imagery and identifies the key limitations that must be addressed for future
deployment on mobile and maritime observing platforms.

59. Retrieval of Vertical Aerosol Extinction Profiles in the Lower Troposphere from MAX-DOAS Spectral
Measurements Using a Deep Learning Transformer Architecture

D.R. Shamsutdinov(1), O.V. Postylyakov(1), A.N. Borovsky(1)
(1) A.M. Obukhov Institute of Atmospheric Physics RAS

Retrieval of Vertical Aerosol Extinction Profiles in the Lower Troposphere from MAX-DOAS Spectral Measurements Using a Deep Learning
Transformer Architecture Keywords: MAX-DOAS, aerosol, extinction coefficient, vertical profiles, inverse problems, deep learning,
Transformer, atmospheric remote sensing, CAMS, AERONET. This paper addresses the problem of retrieving vertical profiles of the aerosol
volume extinction coefficient in the lower troposphere using ground-based multi-angle spectral measurements of scattered solar radiation
(the MAX-DOAS method). Information on the vertical distribution of aerosols is retrieved from the differential slant column densities (DSCD)
of the oxygen collisional dimer 0$_4$, measured at various viewing angles. Since the concentration of O$_4$ in the atmosphere is
proportional to the square of the known molecular oxygen 0$_2$ density, it serves as a sensitive indicator of aerosol extinction along the
light path. In this study, we propose a profile retrieval method based on a Transformer architecture adapted for the joint processing of
heterogeneous input data: sequences of 0$_4$ slant column densities measured at five elevation angles, and geometric information
regarding the Sun's position (zenith and azimuth angles). The model was trained on a synthetic dataset generated by a radiative transfer
model. As a priori vertical aerosol profiles, reanalysis data from the CAMS system model (PM$_{10}$, SILAM model,
ads.atmosphere.copernicus.eu/datasets/cams-europe-air-quality-reanalyses) for the period 2018-2023 were used for the location of the
Zvenigorod Scientific Station (ZSS) of the A.M. Obukhov Institute of Atmospheric Physics, Russian Academy of Sciences. The conversion of
PM$_{10}$ concentrations into an extinction coefficient profile at a wavelength of 440 nm was performed by calibration against independent
aerosol optical depth (AOD) measurements from the AERONET network, taken at ZSS in 2006-2021, using a least-squares fit to the percentiles
of the combined sample. To improve the robustness and generalization capability of the model, a two-stage data augmentation strategy was
applied: variation of timestamps (shifting the date and time) to expand the range of solar zenith and azimuth angles, and the addition of
additive Gaussian noise, the level of which was estimated from real field measurements. The model architecture features a dual-branch
structure. The “angular branch” processes the sequence of 0$_4$ DSCDs using a self-attention mechanism (a TransformerEncoder with
positional encoding), which allows the network to independently identify the spectral-angular dependencies of the signal. The “context
branch,” based on a multilayer perceptron, encodes the geometric parameters of the observations. After feature fusion, the regression part of
the network outputs a profile across 46 altitude levels from 0 to 5 km. The architecture hyperparameters were optimized using the Optuna
framework. Testing results on an independent dataset for 2023 demonstrated high accuracy in profile retrieval: the coefficient of
determination was $R”2 \approx 0.94$ for the near-surface layer of 0-1 km and $\approx 0.85$ for the 1-2 km layer, with a gradual decrease
in sensitivity at altitudes above 2 km, which is consistent with the physics of the MAX-DOAS method. The difference in metrics between the
training and validation sets does not exceed 0.05, indicating the absence of overfitting. Additionally, validation was performed on
experimental O$_4$ DSCD data collected by an Ocean Optics USB4000 spectrometer at ZSS during 2011-2019. For 124 clear-sky days, $
\alpha_{\text{aer}}(h)$ profiles were retrieved and integrated AOD values were calculated, which were then compared with simultaneous
CIMEL photometer (AERONET) measurements. The coefficient of determination was $R”2 = 0.750$ for AERONET Level 1.5 data (automated
quality control: exclusion of observations contaminated by clouds in the direction of the Sun) and $RA2 = 0.822$ for Level 2.0 quality-assured
data (with manual post-calibration and exclusion of observations contaminated by clouds across the entire sky). Thus, the model trained
exclusively on synthetic data based on the CAMS model successfully generalizes to real-world field measurements. It should be noted that the
proposed neural network framework is versatile: it was additionally tested on the task of retrieving NO$_2$ profiles, which are characterized
by a complex non-Gaussian multi-modal structure. In this task, the neural network approach (ResNet) outperformed the classical linear
statistical estimation method in accuracy by 20-200%, confirming its effectiveness for gases with complex spatial distributions. This work
was supported by the State Task of the A.M. Obukhov Institute of Atmospheric Physics, Russian Academy of Sciences (topic registration
number 1022041800069-7-1.5.9). References [1] Friefd U., Beirle S., Alvarado Bonilla L. et al. Intercomparison of MAX-DOAS vertical profile
retrieval algorithms: studies using synthetic data Atmos. Meas. Tech. 2019. V.12. P. 2155-2181. DOI: 10.5194/amt-12-2155-2019. [2] Postlyakov
O.V,, Borovsky A.N., Shamsutdinov D.R., Chulichkov A.I. On the comparison of methods for retrieving the nitrogen dioxide profile in the
atmosphere from multi-angle spectral ground-based measurements Current Problems in Remote Sensing of the Earth from Space. (Submitted
for publication).

61. Comparing Direct and Autoregressive Neural Forecasting Strategies for Black Sea Ocean State Prediction at
Sub-Seasonal Horizons

M. Borisov(1), S.Vostrikova(1), M. Vasiliev(1), M. Krinitskiy(1,2)
(1) Moscow Institute of Physics and Technology , (2) P.P. Shirshov Institute of Oceanology of the Russian Academy of Sciences.

We present a comparative study of deep learning strategies for multi-variable Black Sea ocean state forecasting at 30-60 day lead times. The
proposed pipeline follows a modular encoder—predictor-decoder architecture: a MoCo v2 contrastively pre-trained encoder (ResNet-50 or
ViT-Small) maps daily GLORYS12 snapshots [1] to a compact latent representation; a sequence model (LSTM or Transformer) predicts future
latent states from a 180-day input window; a spatial decoder reconstructs six ocean fields — sea surface temperature, salinity, mixed layer
depth, bottom temperature, and surface currents. Three forecasting strategies are evaluated across both architectures: direct prediction at a
30-day lead, direct prediction at a 60-day lead, and autoregressive rollout. All models are trained on GLORYS12 reanalysis (1993-2022) with a
strict temporal split; evaluation covers 2023-2024. Skill is assessed against reanalysis ground truth, NOAA OISST [5], independent Argo float
profiles [6], and NASA SMAP sea surface salinity. Results reveal a pronounced strategy-architecture interaction. The ResNet direct-60 model
outperforms the persistence baseline by a wide margin for temperature and salinity, while the ViT model under the same strategy degrades
severely — indicating an architecture-specific vulnerability at longer direct horizons. Autoregressive rollout underperforms climatology for
temperature in both architectures due to error accumulation. MoCo pre-training [2] provides consistent improvement for ResNet, whereas
ViT [3] achieves competitive skill without it. As a downstream demonstration, predicted surface current fields drive Lagrangian particle
tracking in the GNOME framework [7] for an oil spill scenario in the Black Sea.
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6. O mpeAIIoAroTOBKE BXOAHBIX JaHHBIX /1A CHAKOBBIX HEHPOHHBIX ceTel

Bauecaag AHamoaveeuu HavuH (1,2.3), Muxaun FOpvesuu XpucmuueHko (1)
(1) HHUIT «Kypuamosckuii uHcmumym»(Mockea), (2) YHusepcumem HTMO (Cankm-ITemep6ypz), (3) HUBL] MI'Y (Mockea)

B moxsazie o6cysxgaeTcs IIpobreMa 0To6pakeHHsl YHC/IeHHBIX BXOHBIX JaHHBIX B pOopMar CIIakKoB, I10/laBaeMbIX Ha BXOJHbIe HEHPOHEI
CIIaKOBOM HEMPOHHOM CeTH. B HCKYCCTBEHHBIX HEMPOHHBIX CeTSIX BXOJHbIE YHCJIOBbIE JaHHbIE II0Aal0TCs HeIIOCPeJCTBEHHO Ha BXOJHbIe
HeUpPOHBI, II0CJIe TOM MJIM MHOU YMCIeHHOM IIPeIIOAT0TOBKY, HallpuMep, HOPMUPOBKHU Ha uHTepBal (0,1). Iy cliaKoBBIX HEMPOHHBIX
ceTel BXO/IHBIE JJaHHEIE, I10/laBaeMble Ha BXOJHbIe HeHMPOHBI, JOJDKHEI OBITH 3allCaHbI B CIIAKMKOBOM GopMare, UTO Cepbe3HO MeHseT
MaTeMaTH4ecKoe CoflepyKaHue IpoIeypsl IPeAIoAT0TOBKY BXOJHBIX JAaHHBIX. - YUCIOBbIe BXOAHEIE JaHHEIe , HO Ha BXOJHON HeMPOH
J0JDKeH I10/JaBaThCs CIIakK, MJIH II0C/IeJ0BaTeIbHOCT CIIaMKOB. [IpH 3TOM TaKoe IIpeobpasoBaHuUe JO/DKHO 06eclieYuBaTh B3aUMHO-
OJJHO3HA4YHOe COOTBETCTBHE MeXK/ly YKCIOBBIM H CIIaHKOBBIM $opMaTaMH. B IIpOTHBHOM c/Iy4ae pasHble BXOJHBIe YKCIOBEIE JaHHbIE
MOTYT 0TO6parkaThCsI B COBIIaalollie ClIaKOBhIe JaHHEIe, UTO, 0OUeBH/IHO, IPUBe/IET K OHOMY U TOMY ’Ke OTKJIHKY CIIaHKOBOM
HeHMpOHHOM ceTU. KOHeYHO, /11 HCKYCCTBEHHBIX HEMPOHHBIX CeTel HCII0/Ib3YIOTCI U APyTHe YHCI0Bble OPMATHI, B TOM YHCJIE U
JNUCKpeTHBIe - HallpuMep /I U306 pakeHUI 4acTo UCII0JIb3yeTCsd MacKa 13 256 rpajaljydii ceporo 1seTa. OfHaKo [ BceX GopMaToB
YKCJIOBBIX BXOJHBIX JaHHBIX Tpe60BaHKHe B3aMHO-0JHOSHAYHOI0 COOTBETCTBHUSA C MX CIIAMKOBBIMH 06pasaMHU 0CTaeTcs 06s13aTeIbHBIM.

B nmoxurazie rmocraBsIeHHas BBIIIe IIpobiieMa 06Cy>K/jaeTcs Ha IIpUMepe KOJUPOBaHUs JaHHBIX 9TaJIOHHOTO Habopa B MalllMUHHOM 00y4YeHUH
«Hpuce! dumrepa» (Iris flower data set). B aToM gataceTe 150 4-X MepHBIX BEKTOPOB, KOMIIOHEHTHI KOTOPHIX UMEIOT II0JI0KUTeIbHbIe
YHCJIOBEIe 3HaUeHUs. B KadecTBe clIaliKoBOM HEXPOHHOM CETH MBI HCII0JIb3YeM pe3epByap U3 10-TH HeHPOHOB, B KaXK/BIM U3 KOTOPBIX
BXOJSIT ¥ BBIXOJST 110 4 CHHAIITUYeCKUe CBSI3U. BXomHbIe TaHHBIe U3 faTaceTa «Mpucel duiiepar, Iocie Ipeodpa3oBaHus B CIIaHKOBBIHN
dopmar, I10/1at0TCs Ha YeThIpe HEMPOHA, ¥ BBIOOP TaKUX HEMPOHOB QUKCUPOBaH [JI BCeX BXOAHBIX JaHHBIX.

B Hareii ctatbe [1] 6611 IIpe/yI0KeH MeTO/, KOAUPOBaHUS BXOJHBIX IAHHBIX /IS CIIaMKOBOM HEMPOHHOM CeTHU pe3epByapHOTO THIIA, B
KOTOPOH peaJni30BaH MeXaHMU3M JIOKaJbHOU crtalikoBoM 1utacTuaHOCTH STDP (Spike-Timing-Dependent Plasticity) f1s1 fHaMuYdecKoro
H3MeHeHUsI BeCOB CHHAIITUYeCKHUX CBsI3ed B CeTH B IeJIOM IIpH I10fjade BXOJHBIX JAHHBIX. BBIJIO IT0Ka3aHo, 9YTO B pe3yJbTaTe B TAKOU CETH
BO3HUKAIOT yCTOMYHBEIE HallpaBjeHHbIe II0Arpadbl (KOMILIEKCHI ITyTek), COBOKYITHOCTh KOTOPBIX B3aUMHO-0JHO3HAaYHO COOTBETCTBYIOT
MHO>XeCTBY BXOJHBIX TaHHBIX. [Ipe/yI0)KeHHBIN MeTO/ KOAUPOBaHUs UCcIejoBaJIcs Ha mpuMepe STDP HelipoHHOM ceT U3 10-TH
HEeUPOHOB C 3-MsI BXOAAIUMHU U 3-Ms BBIXOAAIIMMH CHHAaITUHYeCKHUMHU CBA3SIMH, a TaK>Ke C IIPOCTeMIIel MOfie/IbI0 BXOJHBIX JaHHBIX - 4
OMHapHBIX ITHUKCeJIsI, BCero 16 BXOJHBIX OMHapHBIX BEKTOPOB. B aT0M Moziesiu Tpe60BaHHe B3aMHO-0JHO3HAYHOI0 IIpeobpa3oBaHMs
BXOJHBIX JJaHHBIX B CIIaMKOBBIX popMaT OBLI0 YA,0BJIETBOPEHO Ha OUeBUIHOM YPOBHe.

B ox1a/ie Ipe/iyIosKeH II0AX0/ K IIOCTPOEHMI0 B3aMHO-0JHOSHAYHOTO IIpeo6pasoBaHus YHCIOBBIX BXOAHBIX JaHHBIX 13 flaTaceTa «pucel
duIepa» B ClIaMKOBBINA $OpPMaT, B KOTOPOM OHU IIOJAI0TCS Ha OIIMCAaHHYI0 BhIlle STDP criaiikoBy10 HeHPOHHYIO CeTh C 4-Ms BXOAHBIMH U
BBIXOJHBIMU CHHAIITUYeCKUMHU CBA3SIMHU. B3aMHO-0/JHOSHaYHOe COOTBETCTBHE TaKOro Ipeobpa3oBaHus (IIpefo6paboTKa BXOAHBIX
UYMCJIOBBIX IaHHBIX) IIPOBEPSLIOCH Yepe3 BEIYKCIeHHe PAaCCTOSIHUN MeK/y KOMILIEKCAaMH ITyTel - 06pasaMi BXOAHBIX JJaHHBIX BO
BHYTPEHHUX TepMHUHAaX HeHPOHHOM CeTH.

[1] V.A. Ilyin, Ya.P. Ivina, M.Yu. Khristichenko, AV. Serenko and R.B. Rybka. Moscow University Physics Bulletin, 2024, Vol. 79, Suppl. 2, pp.
$630-S638. DOI: 10.3103/S0027134924702084
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