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Section 1. Machine Learning in Fundamental Physics

3. IIpumeHeHue rpadOBBIX HEHPOHHFBIX CeTell 111 cerMeHTaIMi XUTOB B I'Ty00KOBOAHOM HEUTPHUHHOM
Tesieckolre Baikal-GVD

Jlee Ocaouuii (1), HeaH Xapyk (2,3)
(1) usuueckuil paxynemem MI'Y um. M. B. TomoHocoea, (2) HAH PAH, (3) M®TH

HccnenyeTcs IpuMeHeHHe IpagoBbIX HEPOHHBIX CceTel It CerMeHTallMH CUTHa/IbHBIX XMTOB Ha GOHe OITHYeCKOTo IIyMa B JaHHBIX
TeJsleckolla Baikal-GVD. B paboTe cpaBHHMBAIOTCS apXUTEKTYPHI Ha OCHOBe IPadoBbIX CBEPTOK, MeXaHHM3MOB BHUMaHUS U I1apaJurMbl
Message Passing. PaccMaTpHUBalOTCsI 0CO6eHHOCTH afallTallii MojiesIel K JaHHBIM JleTeKTOpa, B 4aCTHOCTH — HCII0JIb30BaHHe QUHATbHBIX
TIOJIHOCBSISHBIX CJIOEB /I COXPaHeHUs Pas/IMYMMOCTH IIPUSHAKOB MeXKAly y3J1aMH. Ha oCHOBe aHa/IM3a MeTPHK OIIpe/iesIeHbl Haruboiee

3 dexTUBHEIE TOAXOABI U GYHKITUH arpeTalliy JJIs Bbl/leJIeHUs II0Ie3HOr0 CUTHAaJIA.

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-Shame-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 [https://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. Vasik, S. K.
Chilappagari, D. V. Nguyen and S. K. Planjery, “Trapping set ontology,” 2009 47th Annual Allerton Conference on Communication, Control,
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), S1042-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
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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 (\piAmu) 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. PeKOHCTPYKIJ;I/Iﬂ OpHEeHTaIluH MHOI'OKaHaJIbHOI0 nsoﬁpamamm;ero AeTeKTopa C IOMOIIbBI0 HeﬁpOCETeBOﬁ
OII€HKH OTHOIIIEHHsA

P.E. Capaes(1,2), C.A. IllapakuH(1)
(1) HUHA®P MY, (2) dusuueckuil pakyabmem MI'Y

HaseMHble IeTEKTOPHI, BXOASIIHe B cocTaB cucTeMbl PAIPS (Pulsating Aurora Imaging Photometers System), Tpe6y:oT o61mmpHOro Habopa
KaJIM6POBOK J/I IIPOBeieHUs TOUHOHM GOTOMETpUH, OJJHOH 13 KOTOPBIX SIBJIETCS OIIpe/ieleHHe OpUeHTaIluu IeTeKTopa. B maHHoM pa6oTe
PEKOHCTPYKIIMS OPHUEHTAIIH OCYIIeCTBIIIeTCS C IIOMOIIbI0 6atieCOBCKOTr0 BEIBO/A. B IIpHHITHIIE, BO3SMOJKEeH U IOAXOZ, C UCII0Ib30BaHUEM
SIBHOHM QYHKIIMH ITpaB/0II0[06H: IIPOCTOM MeTo/, IIpe/IioIaraeT UCII0Ab30BaHue OJJHOM U HEeCKOIbKUX UAeHTUQUITUPOBaHHBIX 3Be3],
OpHako, B feTekTopax PAIPS ¢ HU3KKM YIJIOBBIM paspellleHHeM HAeHTHGUKaIUs 3Be3], 3aTPy/iHeHa, a O)KH/laeMble 3Be3/[Hble CUTHAJIbI
4acTo HeHafle)KHBI 13-3a HeollpefieJIeHHOCTeH B CIIeKTpaJIbHOM YyBCTBUTEIBHOCTH U IIPOIlelype BHIpaBHUBAHUS UyBCTBUTEILHOCTEH
UKcesIed. YaeT 3TUX paKTOPOB BBOJUT Upe3MepHOe KOJIMYeCTBO BCIIOMOTaTeIbHBIX ITapaMeTPoB (nuisance parameters), 4To fej1aeT
CIMILIMPOBaHUe I1eJIeBOT0 alloCTePHOPHOTIO paclIpe/ie/leHHUs BEBIYUCIUTeIbHO HEBO3MOYKHEIM. /I pellleHHs 3TOH IIpo6J1eMbI MBI
IIpejiylaraeM MeTOJ] C MCII0OJIb30BaHUEM HesIBHOU QyHKIIMH IIPaB/oIIOf00Ms Ha 0CHOBe HeMpoceTeBOU oIleHKH oTHolleHUs (Neural Ratio
Estimation, NRE). /[aHHBII II0/IX0O I103BOJIsIeT CTAa6MILHO BOCCTaHABINBATh OPUEHTAITHIO C IIPpHeMJIeMOM TOUHOCTHI0, TPe6ys JIUIIb
6a30BoI Ipef06pabOTKHU JaHHBIX. MeTo[ MOXKeT OBITEH pacIIMpeH /JI BOCCTAHOBIEHHS JOIIOTHUTEILHBIX IIapaMeTPOB [IeTeKTOpa, TAKUX
Kak QOKyCHOe pacCTosiHIe U [TapaMeTpPhl 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 — tWbh" proof-of-concept the GATr-lite encoder reaches
higher AUC compared to a hand-crafted-feature baseline with ~3 times fewer parameters.

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.

45. BeIYHc/IeHHe MOMEHTOB KaK CII0c00 mapaMeTpusanus 2D-KapT ¢pOTOTIOMHHECIIEHITHH IIPH pellleHuH
o0paTHOMH 3a/ja4yd CHEKTPOCKOIINH

IA.Kynpusnose(1, 2), H.B.Hcaes(2), K.A.Jlanmunckuii(1, 2), C.A.ZJonenko(1, 2), T.A.ZJoneHko(1)
(1) Pusuveckuil paxyabmem MoCKO8CKO20 20Cy0apcmeeHH020 yHugepcumema umeHu M.B. JlomoHocosa, (2) HayuHo-uccaedogamenbckuil
uHcmumym sioepHoll pusuxu um. /J.B.CkobenvyblHa

DOTOIIOMUHECIIeHTHBIe HAHOCEHCOPHI Ha OCHOBE YIJIEPOJHBIX TOUEK SIBJIAI0TCS IIePCIIeKTUBHBIM HHCTPYMEHTOM IS 9KCIIPeCCHOTI0
KOHTPOJISI MOHHOTO COCTaBa BOAHBIX cpefl. [Ipy pellleHUH MHOroIlapaMeTpHUYeCcKOM 06paTHOM 3ala4t CIIeKTPOCKOIIMM Ba>KHYIO POJIb
urpaert IpejcraBieHue 2D-KapT ¢poTomroMuHecrieHIuH (PJI), IOCKOIbKY UCXOHAas MaTPHIA BO30Y KIeHUSI-UCITYCKaHUS COTEePKUT
60JIBIII0e YHCJI0 B3aMMHO KOPPeJIMPOBaHHBIX IPU3HAKOB. B CBSI3H C 3TUM aKTyaJbHa paspaboTKa CII0co60B IlapaMeTpHU3aliiH,
TI03BOJIAIOIIMX YMeHBIITUTh Pa3MePHOCTh BXOZHOI0 IIPOCTPaHCTBa 6e3 II0TepH HHPOPMAIUH, CYIleCTBeHHOH [JI OIIpefie/IeHUs
KOHIIeHTPaL1i HOHOB. B pa6oTe ucce0BaHO IIpe/cTaBieHre 2D-KapT GOTOJIIOMUHECLIEHIIUH Yepes passioykeHue 110 6asucaM Teriopa,
JlexxaHppa, dypre u IlepHuKe. TaKoH ITOAX0 MOKHO pacCMaTpUBaTh KaK BEIYHC/IeHHe Habopa MOMeHTOB KapThl ®JI, IpHudeM YHCI0
IIPU3HAKOB PeryJHUpYeTCcd MaKCHUMaIbHBIM II0PAJKOM pas/oKeHHs. VICcIIo/Ib30BaHe MOMEHTOB llepHIKe paHee I10Ka3ajI0 3¢GeKTHBHOCTh
npu a”aause 2D-kapT ®JI IpUPOAHBIX BOJ, K GHOJIOTHYeCKHX 00BeKTOB [1, 2]; B HacTosIel paboTe IIPpOBe/IeHO CpaBHEeHME HEeCKOJIbKUX
byHKIIOHAIBHBIX 6a3KCOB IIPHMeHHUTEIbHO K 06paTHOM 3a/jade oIlpe/ie/leHUs] KOHIJeHTPaIlii HOHOB MeTaJUIoB. ccefloBaHHe
BBITIOJTHEHO Ha 7-TapaMeTpUyecKod 6a3e JaHHBIX, cofeprkaleit 7813 2D-kapT ®JI BOZHBIX pacTBOPOB YIJIEPOJHBIX TOUEK C KATHOHAMU
Ni2+, Cu2+, Co2+, Ph2+, Al3+, Cr3+ u aHuoHoM NO3-. [TosiydyeHHBIe KO3QPHUIIMEHTHI pas/I0KeHHs UCII0Ib30BAIHCh KaK BXOJHbIe IIPU3HaKKU
IJ1s MOJieJIel MaIlIMHHOIO 06y4eHMs: TMHEeMHOM perpecCuH, CIy4aiiHoro jeca, FpafilieHTHOro 6yCTHHTa, MHOTOCJIOMHOI0 IIepCelITPOHa; B
KaueCTBe pedepeHCHOTO0 IT0JX0/la pacCMaTpUBaIach CBepTOUHAas HeMPOHHAs CeTh, 00ydaeMasi HeIloCcpe/ICTBeHHO Ha 2D-kapTax ®JL.
IToxa3aHoO, 4TO mapaMeTpusaliysa 2D-kapT ®JI Ha ocHOBe GYHKIIHMOHAIbHBIX 6a3HCOB I103BOJIAeT JOCTUIaTh TOUHOCTH Ha YPOBHE
CBEPTOYHOM HEHPOHHOM CeTH IIPH HUCII0/Ib30BaHHUH CYyIlleCTBeHHO MEeHbIIIero Yrcja BXOJHBIX IIPU3HAKOB: J0CTaTOYHO 78 K03QPHUIIEHTOB
pasiioKeHUs ¥ IIPOCTOM MO/ie/Id IMHeHHOH perpeccun. Haubosiee 93¢ peKTUBHBIMU 0Ka3alIHUCh 6asuchl JlexkaHzipa ¥ Pyphe, UTO CBS3aHO C
WX OPTOTOHAJBHOCTHIO U OIIpe/iesieHHeM Ha Bcel o6stacTu 2D-kapThl @JI. TakuM 06pa3oM, pasiokeHHe 2D-KapT GOTOJFOMHUHECIIEHITUH 110
GYHKIIMOHAIBHBIM 6asucaM siByIseTcs 3QpGeKTUBHBIM CIIOCOO0M CXKaTHS ¥ CTPYKTYPUPOBAHMUS CIIeKTpaIbHON HHGOPMAITUH IIPU pellleHUH
06paTHLIX 3a7a4 GQOTOJTIOMHHECLIeHTHOM CIIeKTPOCKOIIKH. TIpe/iI0’KeHHBIN II0AX0/, 0CO6eHHO I10JIe3eH /I 3a/la4 C OTpaHuYeHHbIM
065eMOM 3KCIIepUMeHTaIbHBIX JJaHHBIX, II0CKOJIbKY II03BOJISIET YMEHBIIUTh Pa3MePHOCTh BXOJHOTO IIPOCTPAHCTBA, COXPAHUTD
¢u3rUecKH 3SHaUMMBbIe 0C06eHHOCTH GpopMBI 2D-KapT ®JI ¥ IOBBICUTE YCTOMYUBOCTE MOJie/Ie MallIMHHOI0 06ydeHus. HcciejoBaHue
BBITIOJTHEHO 3a cYeT rpaHTa Poccuiickoro HaygHoro ¢oHza Ne 22-12-00138-I1, https://rscf.ru/project/22-12-00138/ [https://rscf.ru/
project/22-12-00138/]. I.A.KyIIpHUSIHOB SIBJII€TCS CTUIIEHMATOM POH/Ia PA3SBUTHS TEOPETHUECKON QUSUKU U MaTeMaTUKH «Bbasuc». [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]

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

E.O. I'pecwv(1,2), A.IL. Kprokos(2), ILA. Boawyz08(2), A.IL. Jemuues(2), FO.FO. [iybeHckan(2), J.11. )Kypos(1,2), C.I1. ITonsko8(2), E.B. IlocmHuxo8(2),
A.JO. Pazymos(2)
(1) HUHII® UTY, Hpkymck, (2) HUHAP 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
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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

II.A. Boauyzoe(1), A.I1. Kproxkos(1), E.O. I'pecw(1,2), A.IL. lemuues(1), FO.FO. lybeHckas(1), A.I1. 2Kypoe(1,2), C.I1. Ilonakos(1), E.b.
ITocmHuxos(1), A.JO. Pasymos(1)
(1) HUHA®P MTY, 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.
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13. MeToA aBTOMAaTH3HMPOBaHHOI 00pab0TKH HayYHBIX MyOIHKaIHMH

Xeocmoea Mapus OaezogHa (1), ApmamoHos Aaekcell AHamosvesuy(2), IpsixuHa JJapvs HeopesHa (3)
(1) dunuan MI'Y e 2. /[ybHe, (2) HUAY MHPH, (3) OUAH

B pa6oTe npe/icTaB/IeH MeTOZ, aBTOMAaTHU3UPOBaHHOM 06pab0TKM II0JTHOTEKCTOBBIX HAayYHBIX ITy6IuKaliuii B opmaTe PDF, KOTOPHIH
BBIIIOJIHSET aHa/IN3 OCHOBHBIX TUIIOB HHGOPMAITUH — TabJIUI], PUCYHKOB, TeKCTa. TabIUIThI U PUCYHKU CTPYKTYPUPYIOTCS HA YPOBHE
pacriosHaBaHUS Ha3BaHUM, U3BJIeUeHUS U YIIOPSII0UMBAHUS SUeeK. ITO II03BOJIsIeT IIpeobpa3oBaTh BU3yaabHbIe 00HEKTHI B
MallIMHOYHUTaeMBIH popMaT /IS faJIbHeHIIero MHeKCUPOBaHHUs, a COXpaHeHHe COOTBETCTBYIOIIUX 06/1acTel JOKyMeHTa-UCTOUHUKA B
BH/Ie U306pakeHUH 1aéT BO3MOKHOCTb BepUQHUIIMPOBATh U3BJIeUEHHEIe JaHHbIe BpyUHYI0. TeKCT aHaIU3UpyeTCs 10 IIpeINKaTHO-
apryMeHTHOM MoJie/IH. ApTyMeHTHI, BBIIIOJIHSIOT pa3sHble CUHTaKCHYeCKHe POJIH — areHT, ITallkeHC, IOKaTUB, TeMIIOPAaTUB, Mepa,
UHCTPYMEHT, pe3yJIbTaT — ¥ HeCyT HHOOPMAIHUI0 06 06'beKTaxX, 3a/|efiCTBOBAaHHBIX B 9KCIIepPUMeHTe (MaTepHaslbl, 000pyAoBaHHe U
YCTaHOBKH), YCJIOBUSIX IIPOBe/leHHUS IKCIIepUMeHTa (MeCTOo, BpeMs, ITapaMeTphl), KOJIMYeCTBEHHBIX XapaKTepUCTHUKaX. [IpeJuKaThl
YCTaHABJIUBAIOT OTHOIIIEHUS MEXK/y apTyMeHTaMU, 6J1arofiapsi ueMy GOpMHUPYIOTCS CTPYKTYPUPOBaHHbBIE CMBICJIOBBIE €IMHHUIIL], KOTOPhIE
M3BJIEKAIOTCS C IIOMOIIIbI0 Habopa MPOAYKIIMOHHEIX IIpaBUJI. ATPHOYTUPOBaHKe NCTOUHMKA OCYIeCTB/ISIETCS IIPU U3BJIeUeHUH KIII0UeBbIX
6ubrorpaduyuecKux cBeZleHUY — aBTOPOB, Ha3BaHU, )KypHaJsla U AaThl Iy6IuKaiuy, HudpoBoro uaeHTHUKaTopa . B pabore
HCIOJIB3YIOTCS: CBEPTOUHBIE HEHPOHHEIE CeTH JII OIITUUECKOT0 Pacrio3HaBaHUSI CUMBOJIOB U JIeTEKITUH CTPYKTYPHBIX 06beKTOB Ha
CTpaHMUIAX IIyOIUKaLIUY; TPaHCPOpPMepHas MOJieJIb [I1 MOPQO-CHHTaKCHYeCKOT0 aHaIK3a IIpe//I0’KeHUH; s13bIK0Basi MOJieJIb [JIs
U3BJIeYeHUs HeTpaMMaTHUUHBIX JJaHHBIX; IMHTBUCTUYECKUH aHaIU3aTOp Ha 0CHOBE IPOAYKITHOHHBIX IIPaBUJI /LIS TPaMMaTUUYHBIX
JaHHBIX. MeTOoJ yCTOMYHB K BAPUAaTUBHOCTH BHU3YaJIbHO-CTPYKTYPHOM MOJIeIH IOKYMeHTa, He Tpe6yeT 00y4eHUs Ha pa3sMeUeHHbIX
JAHHBIX U MOJKeT OBITH aJJalITUPOBAH /IJIST PA3/IMYHBIX HAYYHO-TeXHUYEeCKUX TUCITUIUINH. Pe3ysibTaThl OpUeHTUPOBAHEI Ha IIPAKTHYECKOe
IIpUMeHeHHe B HAayKOMeTPpUYeCKHUX ChcTeMax 1 6asax SHaHUM.

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.
PINNSs 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 I pa3spaboTKH yIJIEPOJHBIX HAHOCEHCOPOB C YIIPaBJIieMbIMHU
JIFOMHHECII€HTHBIMH CBO¥CTBaAMU

I'. H. Yyzpeesa(1), K. A. JlanmuHckuii(2), T. A. Jonenko(1)
(1) MT'Y umeHu M.B.JTomoHocosa, Pusureckuil pakyromem, (2) MT'Y umeru M.B.JTomoHocosa, HUHAPD um./.B.CKobeabUblHA

Vrnepoznnble Toukd (VT) - HAHOUACTHUITHI C MHTEHCUBHOM U UYBCTBUTEIBHOM K OKPY>KeHUI0 GpoToMoMIUHecIleHIeH (OJ]), obramaromiye
IIUPOKUMHU IIepCIIeKTUBaMU /I UCII0JIb30BaHbs B KaueCTBe OIITHYeCKUX HAaHOCEHCOPOB IIapaMeTpoB cpefibl. BobIIHHCTBO paboT
onpeessitoT OJI 110 3apaHee U3BECTHBIM YCIOBHSIM CHHTe3a HAHOYACTHII, O/HAKO 3a/iayua I10 II0MCKY ITapaMeTpOB CHHTe3a, IIPY KOTOPBIX
oTKIUK ®JI HanboJsiee UyBCTBUTEJIEH K OIIpefieIeHHOMY ITapaMeTpy Cpe/ibl, 0CTaéTcsl HepellléHHOM. B maHHOI paboTe 6bLJI0 ITOKa3aHO, YTO



HeHpPOHHEIe CeTH II03BOJISIOT II006paTh ITapaMeTprl cCHTe3a VT (COOTHOILIeHHe STHIeHMaMiHa U IMMOHHOHN KHUCI0ThI (CA:ED),
TeMIIepaTypa ¥ BpeMsi) U1 MaKCHMaJIbHOM YyBCTBUTEIBLHOCTH K HoHaM Cu?* u Co®*. BBLIo cuHTe3upoBaHo 74 o6pasra YT mpu
BapbHPOBaHUU IIapaMeTPOB CHHTe3a; I KaXK0ro IIPUroToBIeHo 100 pacTBOPOB C JIMHEHHO MeHAI0IIeMCsl KOHIleHTpale MeTajlIoB
(Bcero 7400 crieKTpoB). /IByMepHasi CBEpPTOUHAas CeTh OIpe/iesisyla KOHI[eHTPaIlHIo KCCIe[yeMbIX HOHOB I10 MaTpUIlaM BO30Y KIeHUS-
uciyckaaus OJI, mocsie 9ero I0IHOCBA3HAS CETh 110 IOTy4eHHBIM CPeJHUM abCoTI0THBIM OIIHNOKaM HaxXOZMIa OITUMAa/IbHbIe YCI0BHUS
CHHTEe3a HaHOYACTHIT. BBLIO BBIICHEHO, YTO HaruboJIee UyBCTBUTEAbHBIE VT 1 Cu?* mosryuaroTcs mpu cooTHomeHuu CA:ED = 1:2, 120 °C,
240 muH; 1151 Co?* - IIpH TOM JKe COOTHOIIeHHH, 160 °C, 240 MuH. TaKUM 06pa3oM, COYETaHKe CBEPTOYHOI U ITOJTHOCBSI3HOH apXUTEKTYP
HeMPOHHBIX CeTeH YCIIEITHO PelllaeT 3a4ady «CHHTe3—-CBOMCTBa-IIPUMeHeHHe» /IS CO3/laHHUH YIJIEPOJHBIX HAHOCEHCOPOB C BEICOKOM
4yBCTBUTEJIBHOCTHIO K KATHOHAM B BOJHBIX PacTBOpax. MccileoBaHue BBIIIOJIHEHO 3a CYET rpaHTa PoCCHIICKOro HaydyHOro poHza No
22-12-00138-I1, https://rscf.ru/project/22-12-00138/ [https://rscf.ru/project/22-12-00138/]. Pa6oTa I.H. UyrpeeBo mojiepkaHa PoOH/[OM pasBUTHSI
TeopeTHUUeCcKoM Qu3UKU U MaTeMaTuKU «BA3WC» (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 I'TYy0OKHX apXUTEKTYp IPH pa3IMYHBIX YPOBHAIX npesoopadorku PMPT B 3ajadue OMHAPHOHI
KjJaccupuKamuy MO3TOBOM aKTHBHOCTH

A.C.Makapoe(1), H.M.I'adxcues(1), C.A.ZJoneHko(2)
(1) Pusuueckuil gakynromem MI'Y umeru M.B.JlomoHocosa, (2) HUHAS MT'Y

JllaHHas paboTa sBJIAeTCS IIPO0/DKeHHeM IIPeBIAYIIIX UCCIeJOBaHUM, B KOTOPBIX PacCMaTpPHBa/lach BOSMOXKHOCTD PellleHHs 3aJjaul
pacriosHaBaHM KOTHUTHUBHBIX COCTOSIHHUI Ha OCHOBE aHa/IM3a HeMpoGU3HOJIOTHUeCKUX JaHHBIX 0 MOSTOBOM aKTUBHOCTH C IIOMOIIIBIO
KJIaCCHYeCKHUX MeTO/I0B MaIlIMHHOI0 06y4deHHs. B HacTosIe pa6oTe B KadecTBe METOL0B MAIIMHHOIO 06y4eH s pacCMaTPHUBAKOTCS
I.Iy60KKe HelpoceTeBble apXUTEKTYPHL. B 0T/IMYMe OT IIpe/IbIAYINero UCCIe0BaHUs, I/le pPellaIuCh TaKKe 3aladl MHOTOKJIaCCOBOM
KJIaCCUQUKALUU (pasIddyeHre COCTOSHUM MO3Ta IIPU pellleHUH 6 TUIIOB 3a/iad ¥ COCTOSTHUA I10KO5), B HAaCTOsIIed paboTe MbI
dokycrpyeMcs TOJIBLKO Ha 6oJ1ee IIPOCTOM 3a/iaue 6MHaPHOM KIacCUQHUKaLMK: OlIpe/ieieHre TOTO, PellaeT JIK UCIIBITyeMbIH B JaHHBIKN
MOMEHT KOTHUTHUBHYIO 3a/lady HJIM HaXOAUTCS B COCTOSIHUH ITOKOSL. /JIS1 IT0JTydeHUsI HeHPOQHU3HO0IOTNYeCKUX JaHHBIX HCII0Ib30BaJICsT
MeTof QYHKIITMOHAJIHLHOM MarHUTHO-pe30HaHCHOM ToMorpaduu (PMPT). Brliiu pacCMOTpeHEB! TpU Iy6oKue apxuTeKTypsl: CNNLSTM (3D
cBépTouHas HelpoHHas ceThb (CHC) ¢ ByHalIpaBJIeHHONM peKyppeHTHOM 06pa6oTkoy Tuna LSTM), CNNSimpleAttention (3D CHC ¢
MeXaHM3MOM BpeMeHHOro BHUMaHus) 1 CNNAttentionZ (opuruHaJbHas apXUTeKTypa C IIepecTaHOBKOM 0cel KOOPAMHAT, II03BOJISIOIAs
3D CHC o6pabaTsIiBaTh BpeMsI KaK JOII0JIHUTEeIbHOE IIPOCTPaHCTBEHHOE U3MepeHUe). Bce Mofiesin 06y4ainch Ha KOPOTKUX BpeMeHHBIX
OKHax 13 5 pasHOCTHHIX 3D u3o6pakeHUH (2,5 CeKyH/IbI) C pasfie/ieHHueM I10 UCIIBITyeMbIM (23 Ha 06ydeHUe, 8 Ha TeCTUPOBaHUE).
ITocKoJIBKY BBI6OD YPOBHS IIpej06paboTKU AaHHEIX GMPT MOJKeT CyIIleCTBEHHO BIMATH Ha Ka4eCTBO KaacCU$UKAIUH, GBI paCCMOTPEHbI
TpHU BapHaHTa: ChIpHIe faHHEIe (Raw), JaHHBIe TOJIBKO ¢ KOppeKIuel apTedakToB ABmkeHUs (MC) U ZaHHEIe, IIPOLIeAIITHe IT0JTHBIN
CTaHAAPTHBIM KOHBetlep mpenoopaboTku (Full), BKIrouarouii BoceMb 3TaroB 06paboTku. 1o pesysabTaTaM paboThl GBI Cle/IaHbl
BBIBOJIBI O BBIOOpE apXUTEKTYPHI U I1eJ1ec006pasHOCTH MCII0Ib30BaHM II0JHOI0 IIUKJIA IIPefo6paboTKH WM eé OTCYTCTBHA. [IoKasaHo, 4To
B psifie CIy4aeB MUHHMaJIbHad IIpejo6paboTKa MOKeT 6BITh JOCTaTOYHOM, TOIZja KaK IIpMMeHeHHe II0JIHOTO KOHBeliepa He Bcerya JaéT
TIpeuMyIllecTBO. IloJlydeHHBbIe Pe3y/IbTaThl OIIpefie III0T HallpaBJIeHH [JId JaIbHeHIIero I0KMCKa OIITUMa/IbHBIX COUeTaHUI apXUTeKTyp U
cxeM IIpeo6paboTKU IIPH pellleHUH 3a/[ad KIacCuUKaIlMU 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
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-
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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. IIpeoosieHNe JOMEHHOI0 CABUTa B ciekTpax KP mpupoaHBIX BOJ: HOAX0/, Ha OCHOBe JOMEHHOH afjanTaniuu
0e3 yuuTeJis /11 MHOTOKOMIIOHEHTHOM perpeccun

JI.C.Ymezenoega(1), C.A.Bypukos(1), A.M.Bepganvd(1,2), H.B.IlnacmuHur(1,2), T.A./JoneHko(1,2), C.A.ZJoneHko(2)
(1) Mockogckuil 2ocydapcmeeHHblil yHusepcumem umeHu M.B.JIomoHocosa, pusuveckuil hakynomem, (2) Hay4Ho-ucc1e008amenbCKuil
uHcmumym si0epHoll pusuxu umeHu /J.B.CkobebUbtHa MocK08CK020 20cy0apcmeeHH020 YHugepcumema umeHu M. B.JIomMoHocoea

AHTpOIIOTeHHOE 3arpsg3HeHHe IIPUPOJHBIX BOJ MOHAMH MeTaJIJIOB OCTaéTCd OJHOM M3 aKTyaIbHBIX IIP06JIeM 9KOJIOTHYECKOIO
MOHHTOPHHTA. BBICOKast TOKCUYHOCTD 3THUX COeJUHEHUH 1 UX CII0COOHOCTh K HAaKOILIEHUIO B 9KOCHCTeMax TPe6GYIOT CO3TaHUs CHCTEM
OIIepaTUBHOTO KOHTPOJISA, CIIOCOGHBIX 3aMeHHUTh TPYA0EMKHe JJabopaTOPHbIe METOJUKH, He IIPUCIIOCO6IeHHEIe /I MacCOBOT0 3KCIIpecc-
aHa/IM3a. B 3TOM KOHTeKCTe CIIeKTPOCKOIIKS KOM6HaIOHHOro paccesHus (KP) cBeTa paccMaTpHUBaeTCd Kak IepCleKTUBHAas 0CHOBA IJIL
JUCTaHIMOHHOTIO M Hepaspylllarollero aHaausa. OfHaKo eé IprMeHeHHe C/lePyKHUBaeTCsI CJI0XKHOCTBI0 HHTepIIpeTaliuy
MHOTOKOMIIOHEHTHBIX CIIEKTPOB. II03TOMY aKTyaJIbHBIM HalIpaBJIeHUeM PasBUTHS CIIEKTPOCKOIIMYECKUX METO0B aHaIHM3a BOAHBIX Cpe/
CTaHOBUTCA MHTErparys TUX METOZ0B C TEXHOJIOTHAMY MAIlIMHHOIO 06y4deHH . K/IFoueBBIM IIPeIIATCTBHEeM Ha IIYTH BHeJPeHUs
HelpoceTeBHIX MOJieJlel B IPAKTUKY 9KOJIOTHYECKOI0 MOHUTOPHHTA SIBJILeTCS AeUITUT pasMeUueHHBIX CIIeKTPaIbHbIX JaHHBIX [
peabHBIX BOSHBIX 06beKT0B. POpMUpOBaHHe TaKoH 6a3bl TpebyeT Iapasuie/IbHOTO IIPOBe/jeHHUs JOPOrOCTOSIIer0 XMMHUYeCKOTo aHaIHu3a
KaXk7loro o6pasiia, 4To JyIs IPUPOAHBIX BOJ, C UX IIPOCTPAHCTBEHHO-BpeMeHHOH H3MEeHUHBOCTHI0 CTAHOBUTCS IIPaKTUUECKH
HepeaH3yeMbIM. B pesysibTaTe MofiesId, 00y4eHHBIe Ha JIa60paTOPHBIX PaCTBOPAX ¢ M3BeCTHBIMU KOHIIEHTPALUsAMH, IIPU IIepeHoce Ha
peasbHbIe IIPOG6EI IeMOHCTPUPYIOT PesKoe YXyZllleHe TOYHOCTH H3-3a Pas/IU4YUy B paclpe/ie/leHUsAX JaHHBIX, - TaK Ha3bIBaeMOoro
ZOMeHHOT0 CIABHUTa, 06YCI0BJIEHHOTO IIPUCYTCTBHEM OpraHUYecKUX IIpUMecelt, ¢IyopecieHTHOro GoHa ¥ BapHaluaIMU QHU3UKO-
XHUMHYeCKHX YCJI0BHH cpefibl. B paboTe uccieyeTcs IlepeHoC SHaHUM ¢ 6a3bl KP-CIIeKTpOB MO/e/IbHBIX PaCTBOPOB (HMCXOJHBIM IOMeH) Ha
HepasMedeHHBbIe CIIEKTPHI IIPUPOAHOM BOABI MOCKBEI-peKH (IlesIeBOH foMeH). /[Tl IIpeofio/IeHHsI YKa3saHHOr0 OTPaHUYeHHs B HaCTOosIIer
paborTe uccienyeTcs IpUMeHeHHe JoMeHHOM afanTanuu 6e3 yunutess (Unsupervised Domain Adaptation) — 1moixoza, II03BOJIIIOIIETO
IIepeHeCcTH 3HaHUs, II0JIyYeHHbIe Ha pasMeUYeHHOM UCXOAHOM JIoMeHe, Ha Hepa3sMe4deHHBIH I1esleBOH JJoMeH. /I afallTallil B CETh
BBOJUTCS JOMEHHBIN JUCKPUMHUHATOD, COeAMHEHHBIN C 9KCTPAKTOPOM IIPHM3HAKOB Uepes CJI0k 06paTHOro rpafiieHTa. B xoze
COCTSA3aTe/IbHOI0 06y4eHHs 9KCTPAKTOP YYUTCI GOPMHUPOBAThH IIPHU3HAKH, HepasIMYuMBIe /I JUCKPUMUHATOPA, UTO II03BOJIAET
TIepeHOCUTDH 3HaHUS Ha I1esIeBOM JoMeH 0e3 HCII0Ib30BaHUA MeTOK. TaKUM 06pa3oM, COTHH HepasMedeHHBIX IleJIeBBIX CIIEKTPOB
3a/1efiCTBOBAHbI TOJIBKO /I yMeHBIIIeHUs JOMEHHOIO C/IBUTa, TOIZa KaK IIPsIMoe oIIpe/ie/leHHe KOHIIeHTPalui oCylecTBIsgeTcs 6e3 uxX
Yy4acTHs; YCIIEITHOCTh 9TOM IPOIeAypPhI II0ATBepsK/eHa Bu3yaanusanyel B Bujie t-SNE-IIpoeKIHIi, IT0Ka3bIBAKIINX SHAUUTEILHOE
IepeKphITHe paclipeeseHu. IIppuMeHeHe pa3pab0oTaHHOTO II0AX0/a II03BOJIMJIO JOCTUYD CHYDKEHHUSI Cpe/iHel abCOII0THOM OIIMOKH
oIIpejie/ieHUs KOHI[eHTPAI[Hi HOHOB B pacTBOPe I10 CPaBHEHHUIO C HealalITUPOBAHHOM MoJiesIbI0 Ha 70%. ITosrydeHHBIe pe3yIbTaThl
TIOATBePXKAA0T, UTO IOMeHHasI aflaliTanus 6e3 yauTe s sIBJIseTcd 3G GeKTUBHBIM HHCTPYMEHTOM [ IIPe0/[0/IeHAI HeXBAaTKH
pasMeudeHHBIX JaHHBIX B 3a/jadyax CIIeKTPOCKOIIMYeCKOIo aHaIM3a IIPUPOAHBIX BoJ,. PaspaboTaHHas MeTO/0JIOTH MOKeT OBITh
pacrpocTpaHeHa Ha Jpyrye THIIBI BOJHBIX 06'beKTOB U JPyTHe CIIeKTPOCKOIIMYeCcKHUe 3ailauu. FcclefloBaHNe BEIIIOJTHEHO 3a CUET rpaHTa
Poccutickoro HayuHoro ¢poHza Ne 24-11-00266, https://rscf.ru/en/project/24-11-00266/ [https://rscf.ru/en/project/24-11-00266/]. Pa6oTa
JL.YTereHOBOM mo/iiep>kaHa GOH/IOM TeOpeTUIeCcKOM GU3NKU U MaTeMaTHUKH «basuc» (JoroBop Ne 25-2-1-136-1).

46. M cro1b30BaHUE aJITOPHUTMOB MAIIMHHOTO 00yY€HHU JIJIsI IOMEHHOM aJalTal[ui IPH IePexoie MeKIy
JaHHBIMH KOCMHYECKHX alllapaToB

ITsmuxon A.B.(1), ['adxcues .M. (1), Bapuros O.I. (2), lonexko C.A. (2)
(1) Pusuveckuii gaxyabmem, Mockogckuil 2cocydapcmeeHHblil yHugepcumem umeHu M.B. TomoHocosa (MTI'Y), (2) HayuHo-ucciedogamenbcKuil
uHcmumym sioepHoti pusuku umeru /.B. Ckobeavuvina MI'Y (HUHAD MT'Y)

TeoMarHuTHbIE BO3MYILEHUS SIBJISIOTCS OJJHUM U3 Ba)KHEHUIITHNX GaKTOPOB KOCMHYECKOM II0T0/Ibl: OHU CIIOCOOHBI HapyIIaTh paboTy
pasuoCBsI3Y, CHCTEM HaBUTAIlUH, IMHUM 3JIeKTPOIlepe/iad, UTo JlejlaeT 3a/javy UX IIPOTHO3UPOBAHUS IIpaKTUUeCKH 3HAaYUMOM.
IIporHO3UpOBaHNe TeOMarHUTHOTrO MH/ieKca Dst OCHOBBIBaeTCsI Ha llapaMeTpax CoJTHeuHoro BeTpa (CB) U MeKILJITaHeTHOT0 MarHUTHOTO
noJig (MMII), usMmepsieMbIx kKocMudeckumu anmapatamu (KA) ACE 1 DSCOVR B Touke Jlarparyka L1 mexxny 3emiiéit u ComHIteM. OfHaKo
IIpU NIPSIMOM IlepeHoce 06yUeHUs ¢ JaHHBIX ofHOro KA Ha JaHHbIe IPYToro BO3HUKAaeT Ipo6sieMa yXyAILlIeHUsI KaueCcTBa IIPOrHO3UPOBaHUSI
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H3-3a PasIMYNi B KOHCTPYKTHUBHBIX 0COOEHHOCTSX aIlllapaToB U CTaTUCTUYECKUX CBOMCTBAaX M3MepPeHHUH, a TaKKe X II0JI0’KeHUS B
IpocTpaHcTBe. /lyIg pellleHHs 3TOX Ipo6JIieMbI B pab0Te HCCIeQYIOTCSI METO/IBI IOMeHHOM aflaliTallky, HallpaBJeHHbIe Ha IIOCTPOeHHe
oToOparkeHHU JaHHBIX U3 UCXOJHOTO JOMeHa B IleJIeBOM, I103BOJIIOIIME 006eCIIeYUTh COBMECTHOE HCII0Ib30BaHUe JaHHBIX U3 IOMEHOB
060omx KA. B kauecTBe BXOJJHBIX TaHHBIX HCII0JIb3YIOTCSI KOMIIOHeHTHI MMII, mapaMeTps! CB (CKOpOCTB, IVIOTHOCTD, TeMIIepaTypa) 1
3HadeHUs UHAeKca Dst, IpeficTaBlIeHHbIE B BUle 0TPe3KOB MHOTOMEPHOI'0 BpeMeHHOI0 psifia C pasJIMYHBIMU 3aZieprKKaMU I OTpakeHUs
MIPefBICTOPHH KayKZ0ro U3 IIapaMeTpoB. /IJI1 IIPOTHO3SHUPOBAaHUSA IIPUMEHAOTCS JIMHEHMHEIe MOJIEJIH C PeTyJIpru3aliyieil, rpafueHTHBIN
6ycTHHT (B peanusanuu LightGBM) u IoTHOCBA3HBIEe HEMPOHHEIE CeTH. B KauecTBe MeTO/0B JOMEHHOM aJjaliTalliy pacCMaTPUBAOTCI
JIMHeMHbIe MOJiesIH, TpaiieHTHBIN O0yCTHHT, MeTO/, IPOeKITUH Ha JIaTeHTHbIe CTPYKTYpPH], QuabTp KaiMaHa U JOMeHHO-COCTsI3aTeIbHbIe
HepOoHHBIe ceTH. MccaeyoTes ABa MpaKTUYeCKH 3SHAYNMBIX CIleHapHs foMeHHOM aganranun: DSCOVR—ACE, 1103BoISIOIIMHN
HCII0JIb30BaTh HAKOIIJIEHHBIN UCTOPHUYeCKUN apxuB laHHbIX ACE 3a cuéT agantanuu B foMeH ACE 60Jiee HOBBIX u3MepeHuit DSCOVR, u
ACE—DSCOVR - 1719 06ecIieqeHUsI HeIIpephIBHOCTHU IIPOTHO3a IIpX BO3M0OKHOM oTKase KA ACE. I[IpoBofuTCS CpaBHUTEIBHBIN aHaIN3

3¢ PeKTUBHOCTH paccMaTpUBaeMbIX METOZOB aZjalITaI[UH MeXXy CO60H U ¢ 6a30BBIMU MOJe/ISIMH, 00y4eHHBIMU 6€e3 afiallTalliH, C IeIbI0
BBIOOpa ONITUMAIBHOIO IIOAAX0/A IJI1 KaXKI0T0 U3 ClleHapHeB.

47. HeiipoceTeBoe olpe/ie/leHHe KOHIIEHTPAalui HOHOB B IIPUPO/IHO BO/ie C HCII0/Ib30BaHHEM cTpaTeruii
napaMeTpudecKH 3¢pPeKTUBHOMI afanTaiu

M.K.IIlaneee (1), H.B.Hcaes (2), C.A./JoneHKo (2)

(1) Pusuueckuil gakyromem Mocko8cKo20 20cydapcmeeHH020 yHugepcumema umeHu M.B. JlomoHocosa, Mockea, (2) Hay4Ho-
ucc1edo8amensCcKull uHcmumym aoepHoti gusuxu umeru J.B.CkobenbuybiHa MocKo8CK0o20 20Cy0apcmeeHH020 yHusepcumema umeHu M.B.
JlomoHocoga, Mockea

OrmepaTHBHOe OIlpefieJIeHHe COCTaBa IIPUPOJHBIX BOJ SIBJIIeTCS BaXKHOM 3a/jaueli 9KOJIOTHYeCKOI0 MOHUTOPHHTA. OcoOBIM HHTepec
TIPEe/ICTABJISIET OI[eHKA KOHIIEHTPaIIMii HOHHBIX KOMIIOHEHTOB BOJHBIX PACTBOPOB, BKJIIOUAsi KATHOHEI Zn?*, Cu?*, Li*, Fe®*, Ni?*, NHs' u
aHnoHBI SO427, NO3™. TpaUITHOHHbIe XUMUKO-aHAJIUTUYECKHE METO/[bI II03BOJISIIOT II0JTyUaTh TOUHEIE Pe3yJIbTaThI, O{HAKO TPeGYIoT
IPo6OIOATOTOBKH, pacxo/ia peareHToB M 3HaUNTeIbHOT0 BpeMeHHU IIPOBe/leHUs aHaIu3a. I109ToMy B KadecTBe IIepCIIeKTUBHOMN
aJIbTepPHATHUBBI pacCMaTPUBAIOTCSI METO/bI OIITUYECKOM CIIEKTPOCKOITMY, IT03BOJISIIOIIHE IIPOBOJUTE 9KCIIPECC-AHUarHOCTUKY
MHOTOKOMITOHEHTHBIX BOJHBIX pacTBOPOB. B aHHO paboTe paccMaTpuBaeTcs obpaTHas 3afjlada CIIeKTPOCKOIINYECKOT0 OIlpe/ie/IeHUs
KOHIIeHTPaILlui HOHOB B IIPUPOJHOM BOJie 110 JaHHBIM CIIEKTPOCKOIIMK KOMOMHAIIMOHHOr0 paccesHus cBeta (KP), mH$paKpacHOro
noronieHus (MK) u ontudeckoro rnorsomieHus (OII). FIcrioab3yeTcss KOMILIEKCUPOBaHUe TPEX QU3UUeCKHUX MeTOZOB: CIIeKTpaJIbHbIe
nmauHble KP, UK 1 OIl ogHOBpeMeHHO IIOJAI0TCI Ha BX0J, HelpoceTeBoM Mofiesti. CJI0KHOCTh pacCcMaTpABaeMOM 3a/iladM CBs3aHa C eé
BBICOKOM pasMepHOCTBI0, HeJIMHEHHBIM BJIMSIHHEM KOMIIOHEHTOB pacTBOpa Ha GOpMY CIIEKTPOB U UyBCTBUTEIHLHOCTHIO CIIEKTPAIBHBIX
JJaHHBIX K IIPUMeCsM, CoJieprKalliMCcs B IPUPOAHOM Bozie. IIprMecH, B TOM 4HCJIe OpTaHHUYeCKOT0 IIPOUCX0KIEHUS, CIIeITUPUUHBI [T
Ka’K/[0T0 UCTOYHHKA, BeCbMa BapHabeIbHbI U MOTYT CYIIleCTBEHHO U3MeHATh CIIeKTphl. OCHOBHAs I1eJIb pab0ThI COCTOUT B aJlaliTalluu
HelpoceTeBBIX MOZiesIel K JaHHBIM IIPUPOHOM BO/BI IIPH OTPaHUYEHHOM YHCJIe 00Y4IaloIUX IPUMepPOB. /I 9TOT0 UCII0/Ib3yeTCs
TepeHoC 06yUeHUs: MOJiesIb IIpe/IBapUTeIbHO 06y4uaeTcss Ha 6a30BOM Habope CIIEKTPOB PAacTBOPOB B JUCTUJUIMPOBAaHHOU BOJIe, a 3aTeM
aJallTUPYeTCs K I1eJIeBBIM IaHHBIM, COOTBETCTBYIOIIUM IIPUPOAHOM Bofie. /lJIg Ka>KI0ro OIIpe/iesisieMOro MOHa CTPOUTCS OT/e/IbHas
HelpoceTeBas MOJe/Ib PerpecCcry C OHUM BBIX0ZI0M. B paboTe mccaeyr0TCs HECKOIBKO CTpaTeryil afjaliTaliiy. B kadecTBe 6a30BOT0O
BapHaHTa pacCMaTpHBaeTcs II0JIHOe fo06y4ueHHe MOZiesIU Ha IiesleBOoM Habope. Hapsiy ¢ HUM IIPUMEHSIOTCSI ITapaMeTpUYecKu

3¢ PpeKTUBHBIE IIOXO/BL: 3aMOPO3Ka YacTH CJI0EB HeMPOHHOH ceTH, BitFit 1 LoRA. 9T MeTOZbI II03BOJISIIOT U3MEHSTH He BCe ITapaMeTpPhI
HeHMpPOHHOH CeTH, a TOJIbKO UX He6GOJIBIIIYI0 YaCTh, MM BBOJUTH KOMIIaKTHYIO IIOIIPaBKY K y>Ke 06yUeHHOM MofiesIu. Pe3yIbTaTsl
TI0Ka3bIBAIOT, UTO IIpPUMeHeHHe IlepeHoca 00y4ueHHs IIOHM>KaeT IT0TPeITHOCTh OIIpe/ie/leHHs KOHIIeHTPAllkii HOHOB B IIPUPOHOM BOJie T10
CpaBHEHHUIO ¢ 06yUueHHeM MO/IeJIU TOJIBKO Ha OTpaHUYeHHOM IiesieBOM Habope. [TapaMeTpruueck 3¢ $eKTUBHEIE CTPaTeruu
JOIIOJTHUTEIBHO CHIDKAIOT TpeboBaHUSA K 00 bEMY aKCIIepUMeHTaIbHBIX JaHHBIX U II03BOJIAIOT alaliITUPOBATh MO/ie/Ib K HOBBIM YCJIOBHAM
6e3 rmostHoOro NepeobydeHus. TakuM 06pa3oM, coueTaHHe KOMILIEKCHPOBAaHUS METO/0B OIITHYeCKOM CIIEKTPOCKOIIMH B CTpaTerui
repeHoca 06y4eHHUs SIBJISIeTCS IepCIIeKTUBHBIM HallpaBjIeHHeM [II pellleHHs 00paTHBIX 3a/iad aHa/IM3a IIPUPOJHBIX BoA,. HcciefoBaHHe
BBITIOJTHEHO 3a CYET TpaHTa Poccuiickoro HaygHoro GpoHpa Ne 24-11-00266, https://rscf.ru/en/project/24-11-00266/ [https://rscf.ru/en/
project/24-11-00266/].

56. OnTHMH3aIMs reHepaToOpPoOB BeTpoIIapKa

Pamasan T.A., I'pexos ILII., Pomuuesa H.B.
HHUY BIII9

OnTuMaJibHas pacCTaHOBKa reHepaToOPOB BeTpoIlapKa - 3aZjlada MHOTOMePHOM HeBBIITYKJIOM OIITUMHU3AallMY YePHOIO AIKKa, B KOTOPOH
rojioBasi BEIpab0TKa 9HePIUH SIBJIIeTCs LieJIeBOM QYHKIIHel, U 3aBUCUT OT BBIYMC/IUTE/IHLHO 3aTPATHOM CUMYJIAIIAH a3pOoUHaMHUYeCKUX
cyIeioB Typ6HH. B HacTosIel paboTe HCCIeAYIOTCA YeThIpe MeTOo/la ONITHMH3aLiiK HyJIeBOI0 IIOPSA/IKa COBMECTHOTO BEIG0pa KOOPAUHAT
TypOHH U YIJIOB PBICKAaHH Ha ILIOMa/IKe C HEOZHOPOAHBIM HaberaroliM II0TOKOM IIPH OTpaHUYeHHH Ha MUHHMAaJIbHOe PaCcCTOSHHE.
IIpe10KeHHBIIM MeTO/| CypporaTHoM ontuMusaniud WU-GO, KOTOPBIH YUUTHIBAET CIy4aliHOCTh IKCIIepUMeHTa HallpsIMYI0, CTabH/IbHO
BBIJIaeT HaUO0IbIINI IIPUPOCT, 0CO6€HHO C POCTOM KOJIMYeCTBa TYpPOUH.

57. OnTUMH3anysA /151 HEDKEHEePHOI'0 IIPOEeKTHPOBAaHUSA

Pamasan T.A., Yooy I]., Pomuuesa H.B.
HHUY BIIII

WHKeHepHOe IIPOeKTHUPOBaHUe IIpefiCTaBJIseT CO60H 3aauy ONITUMU3allUY C OTpPaHUYeHHUSIMH UePHOTO SITUKa - KaXKas BO3SMOKHas
KOHQUTYpaIys JO/DKHA YA0BIETBOPSITH XKECTKUM QU3MUeCKUM OTPAaHUYEHUSIM, a UCIIBITaHHe KOHOUTYpaLHii 06X0AUTCs oporo. Mbl
CpaBHHBaeM B3aUMOZleiCTBHe MaIlIMHHOTO 06y4eHUI M MeXaHUYeCKOT0 IIPOeKTUPOBAaHMS Ha OCHOBE UeThIpeX KJIaCCHUeCKUX 3a/jad
OIITHMM3AIIIH C OTPAaHUYEHHSIMH: IIPOEKTHPOBAHUIO PeAYKTOPA, IIPY>KUHBI PaCTSDKeHHSI-CKATHS, COCY/a II0f laBJIeHHUEeM, H CBapHOK
6aJKM. B paMKax eJHOTO IT0/1X0/la, 0OCHOBaHHOM Ha baiiecoBCKOM ONITHMM3aIllM, MBI CpaBHHUBaeM HeCKOJIbKO CTpaTeruii BEIGopa
KaH/[UAATOB, U IIpejjIaraeM CXeMy Ha OCHOBe AMHAMUKH JlarbKeBeHa. OIleHUBasI BCe YeTHIpe 3aadH IT0 OGIIIM II0Ka3aTesIsIM —
CXOJJIMOCTH HaWJIy4llleit ZOIyCTUMOM CTOMMOCTH, Z0JIe AOIYCTUMBIX pellleHUI 1 BpeMeHH /[0 TIePBOT0 JJOIIYCTUMOTO PellleH s, — MBI
TI0Ka3bIBaeM, KaK aJTOpPUTMbI CEMILIMPOBaHHUS II03BOJISIOT I10JIy4aTh JIYUIlIHe pellleHHs 110 CpPaBHEHHIO CO CTaH/[aPTHBIMU II0/IX0/JaMK
TIOHCKA OIITUMYyMa.

4. TonoBeIe BEIYHC/IUTE/IbHBIE CHCTEMBI JJIs CylepKOMIbTHHTa 1 HU


https://rscf.ru/en/project/24-11-00266/
https://rscf.ru/en/project/24-11-00266/
https://rscf.ru/en/project/24-11-00266/
https://rscf.ru/en/project/24-11-00266/
https://rscf.ru/en/project/24-11-00266/
https://rscf.ru/en/project/24-11-00266/
https://rscf.ru/en/project/24-11-00266/
https://rscf.ru/en/project/24-11-00266/
https://rscf.ru/en/project/24-11-00266/

Baaepuii Ezopwes, KOTHUTAP

B 06cy>XleHUH MBI IIPOK/IeM CBePXY BHHU3 10 TPEM 3Ta’kaM XpaMa IIPOMBIIIEHHBIX BEIUHC/IeHUH:

3. CpaBHHUM CyIIepKOMITBIOTepHI U3 crircka TOII-500 ¢ I1TaHOM M IIPOrpeccoM CTpouTeabcTBa MU-aTa-1ieHTPOB B MUpe, 00CyAuM
IIPOU3BOJUTEILHOCTD B TUTaBaTTaxX U mapajgokc /[pKkeBoHca.

2. 9Ta’kOM HIDKe II0CMOTPHM aIlllapaTHY Maruio - BEIYUC/IHUTEeIbHYI0 HaUUHKY MH-faTa-[jeHTpoB.

1. BHM3y YBH/IKM CO3laHKe UCTOYHHKOB MaruH - ayHApU-CTPOUTE/ILCTBO B 3aI1afHOM II0JIyIIapHH.
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Section 3. Machine Learning for Environmental Sciences

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. ABTOMaTH3anua 06Hapy>KeHHs HEPKH B JaHHBIX BU3yaJILHOU ONITHYECKOI CheMKH c 60pTa BILIA B paiioHe
o3epa HaunkuHckoe (KaM4yaTKa) ¢ IpUMeHEeHHEM HCKYCCTBEHHBIX HEMPOHHBIX ceTel

Illamanoe Amumpuii Jmumpuesuu (1), Kpunuykuii Muxaun Anekceesuu (1,2), IITy6xuH Cepzeil Bukmoposuu (3)
(1) MPTH, (2) HO PAH, (3) Kamuamckuil puauan I'HI] P $PIEHY «BHHPO» (“KamuwamHHPO”)

MOHUTOPHHT HEPeCTOBOI'0 X0/la TUX00KeaHCKHUX JI0COCeH, B 4aCTHOCTH HepKH (Oncorhynchus nerka), IpejicraBisieT co60H
dyHAaMeHTaIbLHYIO 3aJjady /I OIleHKH JUHaMHKHU IIOIIYJIAUI 1 o6ecliedyeH s Paljio0HaIbHOTO IIPUPO/0II0Ib30BaHus. TpauIlHOHHEIe
BH3yaJIbHbIe METO/bI yUeTa, BK/II0Uas Ha3eMHbIe MapIIpyTHBIe 06CIeloBaHK K a9pOBH3yaIbHbIe HaOII0eHUs, XapaKTePHU3YI0TCS
3HAUUTeJbHOM TPY0eMKOCTBIO U CyL[eCTBEHHOH CyO'beKTUBHOCTBIO OI[eHOK 0IIepaTopoB. PasBUTHe TeXHOJIOTHUH JUCTaHIIMOHHOIO
30HJMPOBaHUs C IpHMeHeHHeM 6eCIIH/IOTHBIX JleTaTe/IbHBIX anapaToB (BIIJIA) OTKPEIIO BOSMOKHOCTE I10JIy4eHHUsI OPTOQOTOILIAaHOB
CBEPXBBICOKOIO paspellleH s, IIOKPHIBAOIIUX IIPOTsSDKeHHbIe HepeCTIIININA B TPYAHOAOCTYIIHBIX PalioHax [1]. Osepo HaunKuHCKOe,
SIBJIAACh KPYIIHBIM HepeCcTOBEIM BofloeMoM KaMuaTCcKoro Kpasi, XapaKTepH3yeTcsl BBICOKOH IIOTHOCTBIO IIPOU3BOUTeIe HEPKU B IIEPHUOZ,
MacCOBOTO HepecTa, YTO II0OPOsKAaeT CyllleCTBeHHBIN 06'beM BHU3ya/IbHBIX JAHHBIX U JleJlaeT UX PYUHYI0 00pab0oTKy IIpaKTHYeCKH
Hepeau3yeMol. HacToslIee KccIefloBaHMe ITOCBAIIEHO PaspaboTKe U alIpobalii MeTo/[a aBTOMaTHYeCKOT0 06Hapy>KeH s 0co6el HepKHU
Ha opTOoHOTOILIaHAX C IIPUMeHeHHeM HelpoceTeBhIX MojesIel ceMericTBa YOLO KakK OJJHOTO M3 IIepCIIeKTUBHBIX IT0X0/0B /IS
TIoCJIe/IyI0Iero aHaIK3a IT0Be/leHHs. IMIINPUYecKHe JaHHble OBLIH II0JyYeHb] B X0/ie a3p0POTOCheMKH I106eperkbs X MeJIKOBOJHBIX
y4acTKOB HepecTHJIHIL o3epa HauukuHckoe ¢ ipuMeHeHHeM BIIJIA T'eockas 201M. ITosrygeHHbIe H300pakeHUsI ObLIM 06paboTaHEI B
Agisoft Metashape Professional ¢ mocTpoeHreM opTodOTOILIaHA BEICOKOTO IIPOCTPAHCTBEHHOI0 paspelleHus, II0C/Ie Yero OH 6bLI pa3souT
Ha TalJIbl QUKCHPOBAaHHOIO pasMepa U pasMeueH C BblfleJIeHHeM 0cobell HepKHU OTpaHUYHBAIOIIUMU IIPIMOYTOJIbHUKaMH. [y
aBTOMAaTHU3UPOBAHHOI0 06HAPY’KeHUS UCII0JIH30BaIMCh MoJiestu ceMeticTBa YOLO, BEI60P KOTOPHIX 06YCI0BJIEH HEOOXOAUMOCTHIO
COBMECTHUTD IIPHEMJIEMYI0 TOUHOCTh PacIlO3HaBaHMs C BBICOKOM CKOPOCTHIO 06PaboTKH 60IBIINX 065eMOB a3P0BU3YaIbHbIX JaHHBIX.
birskas II0CTaHOBKA 3a/jaui KOMIIbIOTEPHOTO 3peHHUs [/l ydeTa IIPOM3BOJUTe el HePKH 110 JaHHBIM BIIJIA y>Ke II0Kasasia IIpaKTHYeCKYyI0
IIPUMEHHMOCTD II0Z06HBIX II0AX0/0B [2]. ATtpo6ariisa Mo/esId IT0Ka3ajla, YTO OCHOBHBIMH $aKTOpPaMH, OTpaHHYHMBAIOIIUMU TOYHOCTD
0o6Hapy>KeHHs, 0CTAI0TCsI HEOZHOPOJHOCTD YCIIOBHUH CheMKH U HecOaJIaHCHPOBAaHHOCTh 00yJarollieil BEIOOPKH, CBI3aHHAd C
HepaBHOMEPHBIM paclipefiesieHHeM PBIOHI B IIpefiesiaX HepecTU/IHIL. [TolydeHHbIe pe3yIbTaThl II03BOJIIIOT paccMaTpuBaTh YOLO-
ZleTeKTOpBI KaK OCHOBY JIJI1 yCKOPEHHOI'0 aBTOMaTHU3HMPOBAaHHOIO I10/icueTa HePKH U KakK 3a/ieJI I CIe/lyIoIlero arara uccaefoBaHusd —
MYJIbTHOOBEKTHOTO TPeKUHTa ocobel Ha ITyTsIX HepecToBoM Murpanuu. [1] - MasaukoBa O.A. u fip. “BecliiIoTHEIe JleTaTeIbHbIe
ammapaThl KaK OJ[MH U3 UHCTPYMEHTOB OIleHKH II0X0/J0B TUX00KeaHCKUX Jiococed B KamuaTckom kpae” (2025) [2] - IToTamioB A.C., PaseeB
E.C., Maibix K.M. “IIppuMeHeHHe MeTOZ,0B KOMIIBIOTEPHOIO 3peHUs /I a9POBU3YaILHOTO yUéTa IIPOU3BOAUTe e HepKu ¢ 6opTa BIIJIA B
HacceiiHe 03. Asab6aube 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 IpeBapUTeIbHasI pa3MeTKa CyJJOBBIX CHUIMKOB B 3a/jaue 0GHapy>KeHH IUIaBaIoIero
MOPCKOI'0 Mycopa

H. A. I'epacumoeg(1), M. A. Bopucos(1), M. II. ITozodxcesa(2, 3, 4), B. A. Cnupuna(3), M. A. Kpunuuxuti(1, 4)

(1) Mockogckuil pusuxo-mexHuHecKuil uHcmumym (HayUOHAbHLLI UcCae008amenbckull yHugepcumem), (2) MockoscKuil 20cydapcmeeHHblil
‘YyHugepcumem umeHu M.B. Jlomonocosa, I'eoepaguveckuil akyabmem, Mockea, Poccus, (3) [ocydapcmeeHHblil oKeaHozpaguUecKuil
uHcmumym um. H.H. 3y6oea, Mockea, Poccus, (4) HHcmumym oxkeaHoioeuu um. II. IT. IlTupwiosa PAH

ABTOMaTHUecKoe HabJIro/jeHHe IIaBaoIero MOPCKOro Mycopa II0 JaHHBIM CyZoBOH ¢oTOCHEMKY TpebyeT 06paboTKU 60JIBIIOTO
KOJIMYeCTBa CHIMKOB BEICOKOTO Pa3peIleHus, B KOTOPBIX 06beKTHI MHTepeca — pparMeHTHI IUIACTHKA, IUIaBA0IIast fpeBecuHa —
3aHUMAIOT MaJIyIo YacTh IUIOMANH KaZipa, a II0jaBJIstiolee O0JIBIIHMHCTBO KaZIPOB He COJePIKUT IeIeBbIX 06bEKTOB COBCEM.
TpaguITIOHHbIe MOZIEIH 0GHAPY KeHHs, 06ydaeMBble C yIHUTeIeM, TPeGYIOT pa3MeueHHbIX BEIGOPOK, pOpMHpOBaHMe KOTOPHIX 3aTPYAHEHO
BBU/y BApHATUBHOCTH YCJIOBUE ChEMKHU U PEIKOCTH HAaGII0aeMbIX 00HEKTOB. B HacTosIIel paboTe IIpe/icTaBJIeHa aBTOMAaTHYecKast
CuCTeMa IIpe/IBapUTeIbHON pasMeTKH Ha 0CHOBe Mojiesii OWLV2, oCyIllecTBIISA0IIeH TeTeKITHI0 06'beKTOB 110 TEKCTOBBIM OITHCAaHUIM 6e3
IIpeIBapUTEIHHOr0 06YUeHHs Ha IeJIEBOM JJOMeHe: H300parkeHusI pa30MBAKOTCS Ha ITePeKPBIBAIOIIHecs GparMeHTHI [IsI COXPaHEeHUs
YyBCTBUTEJIHLHOCTU K MajIopasMepHbBIM 06beKTaM, a IIepBUYHEIe 00HAPY>KeHUS IIPOXOAT QUIIBLTPHI [JIS IT0/JaBJIeHUS JIOXKHBIX
cpaGaThIBaHUH. Pe3y/IbTaThl aBTOMATHYeCKH Pa3/e sIIoTCsI Ha Kafipsl, COZeprKallie U He CofeprKalye 00beKTH HHTepeca, 9YT0 UCKII0YaeT
IIyCcThle CHUMKU U3 O4epesid PYYHOro IIPOCMOTpPA K COKpalllaeT Harpy3Ky Ha SKCIIEPTOB. B IlepcrieKTHBe IJIaHUPYeTCs Ha OCHOBE
TIpe/IBapUTEIbLHOM PasMeTKH, BepUOHUITMPOBAHHOM JKCIIepTaMHy, CGOPMHUPOBATH 06YYIAIONIYI0 BEIGOPKY ZOCTATOYHOTO 00BEMA /IS
TPEHUPOBKH CIIeITHaIN3UPOBAaHHEIX MOJesIel 00HAPY>KeHUsI U IIPOBeCTH IIOBTOPHYI0 Pa3MeTKY MacCHBa JaHHBIX C IIOMOIIBI0 00yIeHHOH
MO/IeJIH, alaliTUPOBAHHOM K YCJIOBUSAM JJaHHOH 3alauH.

20. Peatn3anys JIOKaJIBHBIX MO/le/Ied MAIlIHHHOT'O0 00yYeHHI 111 allPOKCHMALIH KOPOTKOBOTHOBOM paguaniy
Y HOBEPXHOCTH 3€MJIH B 00JIAYHBIX YCIOBUSIX 110 Te0pU3HUECKUM IPeUKTOpaM A5 MOCKOBCKOTO pErHOHA

Ilempoe H.A.(1), Yybaposa H.E.(1), Bapenuog M.H.(1,2)
(1) Mockogckuil 2ocydapcmeeHHblil yHugepcumem umeHu M. B. JlomoHocoea, Mockea, (2) Hay4HO-Ucc1e008ameAbCKUll 8bIHUCAUMEAbHDBLIL
ueHmp MI'Y umeru M.B. JlTomoHocoea, Mocksa, 119991, Poccus

ArmochepHas paguanys B KOpPOTKOBOJIHOBOM (COJIHEYHOM) CIIEKTPe Y IIOBEPXHOCTH 3eMJIU SIBJISETCS BAXKHOM 4aCThI0 pafialjiOHHOIO U
TeIUIOBOro 6aIaHCOB, UTpaeT 3HAYKMMYI0 poJjib B QOPMHUPOBaHUHU IIPU3eMHOM TeMIlepaTypsl Bo3ayxa. [Iph 3TOM KOMIIOHEHTBI
KOPOTKOBOJIHOBOM pajfiialiiy CHJILHO U3MEHSIOTCS B YCJIOBUSIX HEOJAHOPOAHOTO 110151 06/1a9HOr0 II0KpoBa. Ha Tepputopum
MeTeopoJioruyeckod o6cepBaTopuul MI'V uM. M.B. JlomoHocoBa (MO MIY) ¢ 2021 . $yHKITMOHUPYET KOMILJIEKC BEICOKOTOUHBIX
pazuanyoHHEIX Ipu60poB RAD-MSU (BSRN), KOTOPEIM IIPOBOAUT HafléXKHbIE H3MepeHHs IVIOTHOCTEM II0TOKOB KOMIIOHEHT
KOPOTKOBOJIHOBOM U JVIMHHOBOJIHOBOM pajsuariuu [Yy6apoBa u ap., 2022; Piskunova et al., 2024]. OgHaxo, BO BpeMeHHBIX psjiax
H3MepeHUN KOMIUIeKca IIepHoJUYeCKH BOSHUKAIOT IIPOIIyIlleHHbIe JaHHbIe, CBI3aHHBIe C IVITAHOBBIMU paboTaMu. B cBs3H ¢ 9TOH
po6JieMoH, B HacTosiIIlee BpeMsI akTyaJIbHa 3a/iava I10 3aII0JTHEHHUI0 NMeIOIUXCs IIPOITyCKOB B JaHHBIX M3MepeHUH 110 H3BeCTHBIM
reoUsUUeCKUM IIpefluUKTOpaM. TakKuM 06pa3oM, Iie/IbI0 JaHHOM paboTHI SIBJISeTCS pealn3aliis J0KaJIbHBIX PeIpeCCHOHHBIX MojesIel s
aNIIPOKCUMAIlNH IVIOTHOCTEM ITIOTOKOB KOMIIOHEHT KOPOTKOBOJIHOBOM pafiBialiiy (IIpsiMas, paccessHHasi, CyMMapHas) B 06/1a4HbIX
YCJIOBHSIX «KJIACCUUEeCKUMM» aJITOPUTMaMH MaIlIMHHOTro 06y4deHus 111 MO MI'Y. O6ydeHue MoJieslelt IIpoBe/ileHO Ha JaHHBIX H3MepeHHH
RAD-MSU (BSRN) ¢ aBrycra 2021 r. 110 H10HBb 2024 I. ¢ 4aCOBBIM yCpefiHeHHeM. IIpu 3ToM paccMaTpHUBaJIKUCh CIy4au ¢ BeicoTaMu CoJIHITa
6os1ee 10°, 6a/10M 06JIaUHOCTH 110 HabJII0ieHHAM 60J1bIIe 0 ¥ IIPO/I0JDKUTEIHbHOCTHI0 COJTHEYHOTO CUSIHUSI MeHee 60 MUH. B 4ace, UTO
XapaKTepHO I yCI0BUU 061aqHoro Heba. B Xo/ie paboT 110 peainsaliid Mojiesiel IIpoBefiéH 0TO0p Haubolee BaXKHBIX Fe0QH3NIECKHUX
IIPeIUKTOPOB OTAEJIBbHO /I IIPIMOM, pacCesHHOM M CYMMapHOM COJTHEUHOM pafuanii. B paboTe IpoBefieHEI pealnsaliyisi 1
TeCTUPOBaHHe Pas/IMYHbIX PerpecCHOHHBIX MO/iesIel MAlllTMHHOTO 00y4eHHs], BK/IIOYAIOIIUX B Cebsl TUHEHHYI0 perpeccHio, alropuTm k-
6urpKadImmx cocefieit, MeTog cirydaiiHoro jieca (Random forest regression), a Taxke aJrOpuUTM IpafiieHTHOTrO 6ycTrHra (Catboost) [https//
catboost.ai/] [https://catboost.ai/]]. CTaTHCTHYeCcKas OIleHKa BOCIIPOU3Be/leHH IeJIeBbIX IIepeMeHHbIX IIPOBO/MJIACH C IIOMOIIIBI0 MeTo/a
CIy4alHOM reHepalily II04BBIO0POK «Bootstrap». IIpoBeiéHHas paboTa Heo6xoAuMa [JI1 QU3UUeCKH KOPPEKTHOIO 3aII0JIHeHHs
TIPOIIYCKOB B IaHHBIX U3MepeHUN RAD-MSU, a Tak’Ke BayKHa I IOHUMaHUS POJIH Pa3IMUHBIX re0pU3UUeCKUX paKTOPOB B
$opMHUpPOBaHUHM KOPOTKOBOJIHOBOM paZialiim.

PaboTa BeIIIOJIHEHA IIPH NOAeprKKe Poccuiickoro HaygHoro GoHza (mpoekT Ne25-27-00014).

1. YybapoBa H.E., Po3eHTans B.A., )Knanosa E.10., IToroxoB A.A. HOBBIM pafiialfioHHBIN KOMILIEKC MeTeopooTuyecKoi 06cepBaTOpUU
MI'V cragzmapTa BSRN: MeTorYecKue aclleKThl U IIepBble pe3yIbTaThl H3MepeHHU. - OnThKa aTMocdepsl U oKeaHa, 2022, T. 35, Ne 8, C. 670-
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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. DOI: 10.3390/atmo0s15020144;

3. AsroputM CatBoost [dsexTpoHHEIN 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 eJTHPOBaHU B 3a7jladye paccessHUusI aTMocdepHBIX IpuMeceii B ropocKoit
3aCTpoiKe MeTOfaMHU IJTy00KOro 00ydeHus

H. A. I'epacumos(1), M. A. Kpunuuxuii(1, 2), E. B. Mopmukos(3,4), A. B. leboabckuii(3,5)

(1) Mockogckuil pusuxo-mexHudecKuil uHcmumym (HayUoOHATbHLLI UCCAe008amebCKuUll yHugepcumem), (2) HHcmumym okeaHoi02uu um. I1.
II. IlTupwosa PAH, (3) HayuHo-uccs1e008amebCKUll 8bIHUCAUMEAbHBLI UeHmpP MOoCK08CK020 20Cy0apcmeeHH020 yHugepcumema umeHu M.B.
JlomoHocosa, (4) Mockosckuil yeHmp yHOamMeHMaAbHol U npukAadHoil mamemamuxku, Poccus, (5) HHemumym gusuxu ammocgepul um.
A.M. O6yxoea PAH

IIporHo3upoBaHHe IIPOCTPAHCTBEHHOI0 Paclipefie/ieHUsI KOHI[eHTPaI[ul MeJIKOJUCIIePCHBIX YacTHIl (PM 2.5) B TOPOJCKOM 3aCTpoiike
MeTO/0M KpYIIHBIX BUXpei (LES) TpebyeT IpOoJ0/KUTeIbHBIX PACYETOB /IS JOCTH)KeHHS CTaIlHOHAPHOI0 PesKHMa, YTO 3aTPYLHSET ero
IIpUMeHeHHe /I OIlepaTUBHOI0 aHa/IM3a KadeCcTBa BO3/lyXa U IIPOeKTHPOBaHUs TOPO/CKUX 30H. ITo/IysMIIMpHUUecKue rayCCoOBBI MOJeIH
paccessHUs [eMOHCTPHUPYIOT HU3KYI0 TOUHOCTD B YCJIOBUAX CJI0KHOM rOPOJICKOM reOMeTPUH, I7fe B3aUMOJeHCTBHE II0TOKA C 3aCTPOUKON
TIOPOXKJaeT PeJUPKY/IAIIMOHHBIE 30HbI M KAHbOHHBIE 3Q$eKThl. B HacTosIelt paboTe IIpefiyIoykKeHa MO/ie/Ib Ha OCHOBe CBEPTOUHOM
apXUTeKTYpPHI THIIA KoZep-eKoZiep, o6ydaeMasi Ha pe3ybTarax LES 1 alllIpOKCHMHUPYIOIAsi CTallHOHAPHOe I10JIe KOHIIeHTpauuu. Mojelb
IIPUHUMaeT MHOTOKaHaIbHOe IIpe/icTaBjIeHHe IIPOCTPaHCTBEeHHBIX M QU3HUeCKHUX XapaKTePUCTHK pacyéTHOM 06J1aCTH U OPMUPYeT I10JI5
KOHIIeHTPAaIluU Ha IIITH BBICOTHBHIX YPOBHSIX. K/II0UeBHIM pellleHHeM gBJIsIeTCs II0CI0HHOe BHeJpeHHe BeTPOBOM HHGOPMAIIUH B IeKOZED,
YTO II03BOJIIET YUUTHIBATh HAlIpaBJIeHHe H CKOPOCTh BeTPpa Ha Pas/IMYHbIX IIPOCTPAaHCTBEHHBIX MacllTabaX. PyHKIUA II0TePh BKIYaeT
bu3MUeCcKH MOTUBUPOBAHHBIN IITpad 3a HeHyJIeBYIO alllIPOKCUMAIIMI0 BHYTPHU KOHTYPOB 3[aHUM, IIOAAaBJIAIOIINN HeQU3HUUHbIe PellleHUs.
Obyuarorrast BeI60pKa (~31 000 06pasIfoB) IIoJIydyeHa IIpH BapbUPOBaHUHU BeTpa, KOHPUTYyPAITUH 3aCTPOMKHU U PACIIOIOXKeHUSI HCTOUHHUKOB
aMuccun. Mojiesib oCTHTaeT KoadourpeHTa feTepMUHanuu R? = 0,97 IpK IpaKTHYeCKH HYJIeBOM CHCTeMAaTHIeCKOM CMEITleHUH Ha
BaJIM/IallIOHHON BEIGOPKe 110 BCeM BHICOTHBIM YPOBHAM. B IlepcIleKTHBe IUIAHUPYETCS PaclIipeHre Ha IPOU3BOJIbHEIe KOHQUTYpaiul
3aCTPOMKH U HeyCTOMUMBYIO CTPAaTUQUKALIMIO 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 pusuxo-mexHudecKuil uHcmumym (HayUOHATbHLLI UCCAe008amebCKUll yHugepcumem), (2) HHcmumym okeaHo102uu um. I1.
I1. Illupwosa PAH

CtpaTocdepHBIH OIIpHBIY BUXph (CIIB) IpeacTaBiisieT co60H KPYITHOMACIITAOHYI0 [TUKIOHUYECKYI0 IUPKYJISAIINI0, QOPMHUPYIOIIYIOCSI B
OCeHHe-3UMHHUH I1epHoJ, HaJ, II0JIAPHBIMY PeTMOHaMHU BCJIe/[CTBHE BO3pacTaHUd MePHIMOHAIBHOIO IpaJlieHTa TeMIlepaTypsl. JJuHaMUKa
CIIB, XapaKTepH3YIOIasicsi CUIIbHOM MeKI0Zl0BOM M3MEeHUHBOCTEIO, UTPaeT QyHJAaMeHTaIbHYI0 POJIb B KIIMMaTHUYeCKOH CUCTEME,
BBICTYIIas OCHOBHBIM PeryJIATOPOM IIepeHoca Tellla, HMITyJIbca M XMMHUYeCKUX Bell[eCTB B cTpaTocdepe HaJ, IIOJIAPHBIMHU 06J1aCTIMU H 3a
HX 1IpefieslaMu. CI0KHOCTB U HeJIMHeHMHBIN XapaKTep YKa3saHHBIX IIPOI[eCCOB OTPaHUYHUBAIOT IIPUMEHUMOCTh TPAaJUIIMOHHBIX YU CIeHHBIX
MoJiesIeH [/ [0JITOCPOYHOTO IIPOTHOSHPOBAHK COCTOSHUS BUXPS. B HacTodIIleM HccIe[OBaHUH IIpe/JIOKeH II0AX0/, K BBISBIEHHUIO
XapaKTePHBIX cocTosHMM CIIB Ha 0CHOBe MallIMHHOIO 06y4YeHHs, 3aK/IH0Ya0IUNC B I10CIe/[0BaTe/IbHOM CHIDKEHHUH PasSMePHOCTH
HCXOJHBIX JAHHBIX C IIOCIe/lyoleli KacTepH3aljiel II0Iy4eHHBIX HU3KOpa3sMepHBIX CKPHITHIX IIpeicTaBaeHU. Ha IlepBoM aTarie 6bLIH
IIPOTEeCTUPOBAHBI METO/BI CHHKEeHMSI PasMEePHOCTH, BK/II0Uas CAMMEeTPHUYHBIN CBePTOYHBIHN aBTOKO/JHUPOBILHK, eT0 BapHallHOHHYO
MoauGHKaIIMIo, a TAK)Ke MeTO/ KOHTPacTHOro o6y4ueHuss MoCo. B kauecTBe IIPHM3HAKOBOIO OIIMCAaHUS UCII0JIb30BaIMCh I10JIS
IIOTeHIMAaJILHON 3aBUXpPeHHOCTH (PV) U reonnoTeHIManbHOM BeICOTEI (HGT) Ha ypoBHe 10 rlla Hag ApKTUKOM B SUMHUM IIepUOZ, 110
JaHHBIM peaHan3sa JRA-55 3a 1958 - 2017 rogpl. Ha BTopoM aTarle I10JIy4eHHbIe BeKTOPBI CKPBITHIX IIPe/iCTaBJIeHHUH OBLIN I10/{BEPIrHY ThI
IUIOTHOCTHOM U MepapXu4ecKOU KilacTepusanuu. I[losydeHHbIe sSHadeHUs KoagpuierTa crayaTa (0,034-0,081), a Taxkoke pesyIbTaThl
aHcaM06JIeBOr0 aHaJIM3a, KOTOPKIHM CKopee yKashlBaeT Ha CyI[eCTBOBaHME eJMHOI0 KJacTepa, HapsAy C SKCIIePTHBIM IIOHMMaHHeM
CYIIleCTBOBaHMU BbIfle/IEHHBIX COCTOSIHHI BHUXPSI, BMeCTe yKashIBalOT Ha OIIpeZieJIII0IIYI0 POJIb II0AX0/[a BEIyYHMBAaHUS BEKTOPHBIX
MaJIopasMepHBIX IIpe/icTaBIeHUN B 3aiade UCCIej0BaHUs CTPYKTYPhI JaHHBIX: B 3aBUCUMOCTH OT IIP/IIOCBLIOK, II0JI0’KEHHBIX B OCHOBY
MeTO/ja HeHpOCeTeBOro MeTO/la CHIDKEHMSI pa3sMePHOCTH, II0JIydaeMble IIpe/iCTaBJIeHUs MOTYT ObITh IIPUMEHUMBI B Pa3/IMYHBIX KOHEUHBIX
3a/jadax - OT IIPOTHOSHPOBAHHU /10 BBIABJIEHHS 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)
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(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 to r = 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), Siddhartha
Sarkar(1,2), Satish Kumar(1,2)

(1) Centre of Excellence for Intelligent Sensors and Systems (iSenS), India, 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 474 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 20% 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. Model performance was carried out under the three fold cross-validation to ensure robustness.
Evaluation metrics contain accuracy, precision, recall, F1-score and AUC curve to comprehensively measure classification performance.
Experimental results indicate that the Gabor based texture descriptors consistently outperformed both the HOG as well as LBP feature
representations, indicating that frequency and orientation-sensitive texture analysis is usually well suited to characterise the GPR hyperbolic
reflections. Among all the other evaluated machine learning models, XGBoost achieved the best overall classification performance, attaining
an decrease in the false negative rate (FNR) with 42.3 %, increase in the recall and F1-Score by 2.8 % and 1.2 % respectively when compared
to the RF classifier. The findings of this study demonstrate that handcrafted texture descriptors combined with lightweight machine learning
classifiers provide a computationally efficient and highly interpretable alternative to computationally expensive deep learning frameworks
for automated crevasse detection in GPR radargrams.

48. TlapaMeTpH3anys cyOMe30MacIITa0HOr0 BePTHKAIHbHOI0 IIOTOKA IUIaBY4YeCTH € IIOMOIIBI0 CBEPTOYHOMH
HelPOHHOM CeTH Ha 0CHOBe KPYITHOMAaCHITaOHBIX XapaKTEePHUCTHUK IepeMelIaHHOT0 C/I0s1

Pe3eoe Badum FOpwvesuu(1,2), Kpunuykuii Muxaun Anexceesuu(1,2)
(1) Mockoeckuil pusuko-mexHuueckuil uHcmumym (2) HHcmumym okeaHosozuu um. ILIL IlTupwosa PAH

PaspaboTka napameTpHu3anui cybMe3oMacIITabOHOTO BEPTUKAJIbLHOTO II0TOKa IIaBy4decTH (SVBF) ocTaéTcs 0fHOM U3 KII0UeBBIX 3a/iad IJIs1
KJINMaTHYeCKUX MoJiesie oKeaHa. B JaHHO paboTe IIpe/yiaraeTcss HeHpoceTeBOM IT0/[X0/, ITI03BOJISIOIHM BEIPA3UTh 0CPeJHEHHBIH 110
epeMeIllaHHOMY cJ10i0 SVBF uepes orpaHHUYeHHBIN Ha60p KpyITHOMAacIITaOHBIX XapaKTePUCTUK TeUeHHs U CTpaTUPUKaIUY. B KauecTBe
TIPeJUKTOPOB UCII0JIB3YIOTCS I10JIs, OCPeJHEHHBIE I10 IJTy6HHe ITIepeMelIaHHOI0 CJI0S: TpafueHT IIaBy4YeCTH, 3aBUXPEeHHOCTb,
JUBepPreHIs, CKOPOCTh JedopMalriyy, INybKrHa IlepeMelllaHHOT0 CJI0s, INTy6KHa TypOy/IeHTHOT0 IIOTPaHUYHOTIO CJI051 ¥ TypOyJIeHTHas
KHHeTH4YecKas sHeprys. McxoHble faHHBIe IIpej0CTaBIeHbl HeaJIu3UPOBAHHBIM YHCJIeHHBIM SKCIIEPIMEHTOM BBICOKOTO paspelleHus, B



KOTOPOM BOCIIPOM3BOJUTCSA aHCaM6JIb Cy6Me30MacIITabHBIX IIPOIIeCCOB B loMeHe. JIJig BOCCTaHOBJIEHHUS IIPOCTPAaHCTBEHHOH CTPYKTYPBL
ocpefHEHHOr0 SVBF ncnosbsyercs cBéprouHast U-Net-mogo6Hast apxuTeKTypa. O6ydeHre IIPOBOAUTCA Ha PACIIMPeHHOM BpeMeHHOM pPsifie,
OXBaThIBaIOIIleM pasU4YHbIe $ashl IBOJIIOLIUH I10JI1 TeUeHHUs U cTpaTUGUKaIUK. Mo/iesb [eMOHCTPHPYeT 3HaUKMOe IIPeUMYIIeCTBO Haf,
OIIOPHBIM pPellleHHeM U XOPOIII0 BOCIIPOM3BOJUT KPYITHOMACIITaOHYI0 CTPYKTYPY II0TOKa. AHAJIM3 Ba)KHOCTH IIPU3HAKOB I10Ka3bIBaeT, UTO
OCHOBHOM BKJIal B aIIIIPOKCMALINI0O BHOCAT 3aBUXPEHHOCTD, TypOyJIeHTHasi KUHeTHYecKasl 9Heprud U Iy61Ha IlepeMelllaHHOIO CJIOS.
ITosiyueHHEBIE pe3yJIbTaThl CBU/ETeIbCTBYIOT O IIepCIIeKTUBHOCTH HCII0/Ib30BaHMs CBEPTOYHBIX HEMPOHHEIX CeTeH I II0CTPOeHHUs
du3rdecKky 060CHOBAHHBIX ITapaMeTpU3aIiUi cy6Me30MacIITabOHOr0 BePTUKAIbHOTO II0TOKA ILJIaBy4eCTH, IIPUTOHBIX /I BHEIPEeHUS B
ry106a/1bHbIe MOJIeJIN IIUPKYJIALIUY 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, 2 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 0$_4$ 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 $RA2 \approx 0.94$ 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
0.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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