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IceCube: Kparkoe onmcanue

* Ccpuika na crarpio: Observation of Seven Astrophysical Tau
Neutrino Candidates with IceCube

* JlerekTop Ha I0XKHOM HOJIIOCE KUJLIOMETPOBBIX PAa3MEPOB.

* 5,160 onruueckux momyseir (DOMs) na 86 crpymnax.

¢ IlozBoJisieT perecTpupoBaTh Vy.
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https://arxiv.org/pdf/2403.02516

OBITUA UVt

induced by v, or NC interactions

“Casacdes” “Tracks”

induced by Atm. p (or v,)

Common events

Ubiquitous events

. OMHOYHBIE KACKAIBI
. Beprukasbabie Tpeku
. TopuzonTabuble TpeKn

. JIBoituble KacKa bl

“Double Cascades™
induced by v,

“Starting Tracks”
induced by v,

Common events Very rare events

Interaction Decay

B
~120m



Ot16op cobbITHI

° HpI/IlVIeHHeTCH BETO TEXHUKa JJId IIOJABJICHUA aTl\’IOC(beprIX
MIOOHOB 1 HefITpHHO.

 JlonosiHUTE/IBHBIC KPUTEPUH HA MOPQOJIOTUIO JTMBHELA.

e Orbuparorcst COOBITUS C JBOMHBIM KACKAIOM.
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CobbITust vy

CobbITHS C V7 CO3JAI0T JIBOMHDBIC KACKAIbl U3-3a paciaia T.
Vcnonb3yercs 3aBUCAMOCTD S9HEPIUs-BpeMs [IJIs aHAI3a
curaasios B DOMs.

o Jltst KIaccuuKAIMY UCIIONIB3YETCs CBEPTOUHAST HEPDOHHAS CETh

VGG16.
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Paspaborana Visual Geometry Group (Oxford) s

ki1accucdukanuyn nzobpazkennii. ImageNet 2014: Tocturmia 7.3%

ormmbounoctu (ton 5) Ha ILSVRC nparacere.
16 cooés: 13 ceéprounpix (bunbrpsr 3x3) + 3 cj10s 0OBIYHOI

[Iare cBEpTOYHBIX GJIOKOB 10 2-3 CJI0S CKUMAIOTCHA 2X2

max-pooling’amu (Gepércs MakcuMyM).

Cuenana s kiaccudukanuu 1000 TunoB m300parKeHmii

(softmax — BeposiTHOCTH).
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(= convolution+ReLU
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VGG16: IceCube

* Ilepenoc obyuenusi: Ilpearpenuposannas VGG16 yxe moxer
BBIJIE/ISITh IPU3HAKH.

e Tpu oraenpHble ceTH It KIacCH(MUKAINN Vy JBOHHBIX KacKaloB
0T (POHOBBIX COOBITHIA.

» O0yueHne Ha MOJIEJIUPOBAHUE.
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JIbTaTbI 0T6opa

o Tlosyueno 7 cobbituii vV (3 coObITHS y¥Ke PACCMATPUBAJIUCH, TIe
1 u3 HUX OBLIO KAHIUJATOM B IIPOILIOM AHAJN3E).
» Hynesas runoresa (orcyrcrsue acrpodusndeckux Vr )

OTBepraercs Ha YPOBHE H0.
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YcTolIuBOCTD CEeTH

» JloGaBjieHne: HEKOPPEJIUPOBAHHBIX IIYMOB B aMILIATYIbI
DOM’0B, Tak»Ke KOPPEJIUPOBAHHBIX C TJIYOMHON M JIJIsl TIeJIBIX
CTPYH, — BO BCEX CJIyYasgX MUTPAIIAST THIIA COOBITHS MAJIO.

* Araku c jobaBiieHUE TIyMa, a TAKYKe BHECEHUE CIEeIUATbHBIX
U3MEHEeHU /10 ToJMeHbI Kiiacca (curHan -> ¢ou 1 u3 7; don ->
curtast 1 u3 634 V) He Ja/u CyIIECTBEHHOIO BJIMSHUS.

* PasrnazkuBanue dopm curuamoB ¢ DOM’oB He MeHSET OTKIIUK.
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Kolmogorov-Arnold Netw

* Ccpuika na crarpio: KAN: Kolmogorov—Arnold Networks

- f(X) = X520 P(X5 Pa.n(Xp))-

* KAN zamensier GpUKCUPOBAHHYIO (DYHKIIUIO AKTUBAIMKE Ha

o0y1aeMyIo.

* I'maBnoe JOCTOMHCTBO: MHTEPIIPETUPYEMOCTD.

Model | Multi-Layer Perceptron (MLP) | Kolmogorov-Arnold Network (KAN)
Theorem Universal Approximation Theorem Kol ov-Arnold R ion Theorem
Formil Mo P n
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Model
(Shallow) sum operation on nodes
learnable weights
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Fe It
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(Deep) nonlinear,
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.............. X
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https://arxiv.org/pdf/2404.19756

* Hukakmx BecoB: Karxkjaoe pedpo MCIIOIb3YeT OHOMEPHYTO
dyukmmo.

o OyHKINMN aKTUBAIUU TapaMeTpu3yoTcs B-cruiaitmamu.

o b
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CumMmBosIbHAaA perpeccud
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[Tamars

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5
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JleMOHCTAPITIS HEBOIPUMMYHUBOCTH K 3a0BIBAHUIO. 5 MOCJIEIOBATETHHBIX

da3 obyueHns.

13



KANs vs. MLPs

» Tounocts: masasgs KAN gocruraer cpaBHUMOI WUIn JIydineit

Tounoct ueM MLP.

Macmrabuposanue: KAN 6bicrpee macirrabupyercs (nobasienue
OJIHOTO y3JIa CUJIbHEE BJIULET) TEOPETUICCKU U

IKCIIEepuMeEeHTaJIbHO.

» nrepnperupyeMocts: [lonsaTHOE TIpEIcTaBICHNE /1T Y€I0BEKA.

= exptsintaf + ) +siniid + 1))

fx) =Jo(20x) flx, y) = explsintmx) + y2) 1ix, y) = xy.

test RMSE
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Figure 3.1: Compare KANs to MLPs on five toy examples. KANs can almost saturate the fastest scaling law
predicted by our theory (e = 4), while MLPs scales slowly and plateau quickly.
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Hexkoropsie npumepsr KAN

(a) multiplication

Xy
Vi N

(b) division

XT,,,
! !

(¢) numerical to category

1

)

Eargmin|x - x|

ey

X

!

(d) special function

exp( Jo(20x) + y?)

(e) phase transition
tanh(5(x{ + x§ + x$ = 1))

() deeper compositions
—_—
Vixy = x2)?2 + (x3 — x4)?

Figure 4.1: KANs are interepretable for simple symbolic tasks
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[Tpumep ucnosb3zoBanus KAN

» Ccpuika Ha crarbio: KAN we improve on HEP classification
tasks? Kolmogorov-Arnold Networks applied to an LHC physics
example

» Knaccndukarus coosrruit ttH u tH (H — 7y) ¢ nerekropom
CMS.

* Vcnomb3oBaaoch 22 BXOJTHBIX ITapaMeTpa.
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https://arxiv.org/pdf/2408.02743

Pesynbrarsl O6y‘IGHHH

* OOy4asuch Tpu ceTu pasHOU CTPYKTyphl: 22-1, 22-45-1,

22-45-10-5-2-1.
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* EcTb uaTEpIIpPETUPYEMOCTD.
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¢ 3HAYUTETLHOIO yaydniennsd HeT.

» Ho xak moammats 6osee rybokne KAN cern?
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