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Plan

1. BaikalGVD experiment:
a) structure

b) events

c) data

2. Neutrino selection against the EAS background

3. Neutrino energy reconstruction






Baikal-GVD

Purposes:

e observe TeV-PeV neutrinos originating from the outside
of the Solar System

* investigate their sources
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13 clusters
are setup by now

Cluster setup process s



Baikal-GVD

CLUSTER

CENTER

Live calibration of OM positions (accuracy

~20 cm)
Accuracy of determining the response

Detect cherenkov radiation
time ~2 ns.
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8 strings with 36 OM

(optic modules

Events rate per cluster (of all origins):

~40-90 Hz
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EAS and v induced events

Cosmic rays

1) EAS

* showers from cosmic rays |
* mostly muons reach the cluster = v M
* «down-going» events |

Shower
4/ in the atmosphere




EAS and v induced events

1) EAS

showers from cosmic rays
mostly muons reach the cluster
«down-going» events

2) Neutrino

astrophysical or atmospheric
leptons are born in the cluster
easily pass the Earth

-> «up-going» events

Cosmic rays

We register such events

i . Sh
1 million times more! il

""-‘, _in the atmosphere

; Atmospheric

\ Shower
10GeV - 100TeV in the atmosphere

More cosmic rays



Baikal-GVD

Event options

v, Oor atmosperic i

Track events

Cherenkov cone
o o O o o o o



Baikal-GVD

Event options

v, Oor atmosperic i Ve, Vi, Vo
Track events Cascade events
(@) @ O O O O O

Cherenkov cone

o ) O O o © © spherical Cherenkov front
® o O o o



Baikal-GVD

Event options

v, Oor atmosperic i Ve, Vi, Vo
Track events Cascade events
(@) @ O O O O O

Cherenkov cone

o o O O o © o spherical Cherenkov front
® ® O (@) o




Baikal-GVD

Track event picture

late

Vv, or atmosperic i

i

Track events

Cherenkov cone RERTIEE N
o o o o o o o bowdr B I

early
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Data representation

Causal (time-ordered)

Triggered “OM”
N

RS AN . ordering by time t
i j by

Q,txyz

Single cluster



Data representation
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Causal (time-ordered)

Triggered “OM”
A

1 hit
Q,txyz

/A ordering by time t

|

1D convolutions, recurrent
networks, transformers
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“II. Neutrino selection against the
' EAS background



Motivation

e EAS tovevents ratio=106°-10".

Cosmic rays

We register such events

T . Shower
1 million times more!

_in the atmosphere

Shower
in the atmosphere

1TaB - 10MMaB

More cosmic rays

Astrophysical
source

15



Motivation

e EAS tovevents ratio=106°-10".

e Standard approach:
reconstruction of the zenith angle + cut.
Computationally expensive, ¥~50% v are lost.

The goal is to achieve better separation using
neural networks.

Astrophysical

source

We register such events
1 million times more!

1TaB - 10MMaB

Cosmic rays

Shower

Shower
in the atmosphere

More cosmic rays
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Dataset

e Using Monte-Carlo simulation(1!!

EAS evolution and propagation of particles in water.

—m“

e Track events:
1) Muons from EAS
2) v, (neutrinos of muon flavour)

* Cuts:
min 8 signal hits

min 2 strings triggered

* Target feature — type of particle
Labels: 0 — EAS, 1 — neutrino

[1] arxiv.org/abs/2106.06288

Neutrino

=3*106
=6*105

~5*105
~105

=2%*106
=1.3*107
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The network

Triggered “OM” Input
A

- f‘ ; of shap_:_e (L,6)

l (L.5)

>
>

ResNet block

Ordering by timet forward: 256 filters, kernel is 8 Input of shape (L,F)
skip: 128 filters, kernel is 16

W (L/2,128) Conv2D:
(L,F)->(Lf1)
ResNet block
forward: 128 filters, kernel is 4 ResNet block (LF)->(L/2,12)
_ i . Conv2D:
skip: 64 filters, kernel is 8 forward: f1 filters, kernel iskl == | (Lf->(/2f1)
¢ (L/3,128) skip: f2 filters, kernel is k2

Average pooling

¢ (128) Output of shape (L/2,f14f2)

Kernels and filters are same in every convelution
Dense |a\;‘9f Activations are Leaky Relu, batch normaliztion is

Relu activation, dropout=0.2 _ used. Dropout rate is 0.1.
128 units

W (128)

Dense layer

Relu activation, dropout=0.2
32 units

¥ 62
Dense and output

Prediction p, i)
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* predictions p,
--> classification

* threshold ¢ is close to 1!

v (32)

Dense and output
softmax activation

2 units: (p,,Peas)

Py

Classify as EAS
|

The network

Classify as v
|

0

\

1

Classification
threshold €
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Metrics

° = nV/NV
fraction of v identified correctly
(True Positive Rate)

* Suppression: S = ngae/Neas
fraction of EASs falsely assigned to v
(False Positive Rate)

Interested in region, where S=10-°

Py -

Classify as EAS Classify as v
| |

||l \

Classification
threshold €
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111, Neutring energy reconstruction



Motivation

e Energyis an important parameter of a particle: the spectrum of astrophysical
neutrinos can tell a lot about the sources

e Current reconstruction error: factor from 3 to 5 for Energy > 100Tev



Dataset

Monte-Carlo (again)

| wain | _test | validation

Only v, - track events Yneno v ~106 ~105 ~5%105

We reconstruct the muon's energy E!
since it is a directly observable particle

0.16 A

Cuts: 14l
1) min 8 hItS 0.12 -
2) min 2 strings o104

0.081

Density of events

Target feature: 10

0.04 - R

0.02
A uniform spectrum was selected / -

Ig(E, GeV)
CnekTp saHeprui B gataceTe 24



Loss function

* Llet’s denote: -- true energy, * -- prediction.
Want our network to predict it’s error for each event!

e Using special function:

1 — 2
= - ((2)+( > ))

=1

Maximizes the likelihood of a hypothesis: ~



Triggered “OM”
N

>

ordering by time t

L, &4

(L. 5}
LSTM block
Input + mask — i
of shape (L, 5+1) i
sequence is True

LSTM block

64 units, return
sequence is False

X
:

Encoded Event

The network

" units

Dense layer Dense layer Output Here is
LRelu activation, LRelu activation, no activation, b
dropout=0.2 dropout=0.2 dropout=0.1
128 units 64 units 1 units
64
\ Dense layer Dense layer Output H .
LRelu activation, LRelu activation, no activation, b ereis
dropout=0.2 dropout=0.2 dropout=0.1
128 units 64 units 1 units
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Triggered “OM”
A

>

ordering by time t

L, &4

(L, 5)

[ LSTM block

Input + mask P i
of shape (L, 5+1) i
sequence is True

LSTM block

64 units, return
sequence is False

Encoder

i€
@

Encoded Event

The network

" units

Dense layer Dense layer W Output Here is
LRelu activation, LRelu activation, no activation, b
dropout=0.2 dropout=0.2 dropout=0.1
128 units 64 units J 1 units
64
\ Dense layer Dense layer Output H .
LRelu activation, LRelu activation, no activation, b ereis
dropout=0.2 dropout=0.2 dropout=0.1
128 units 64 units 1 units
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Triggered “OM”
A

>

ordering by time t

(L, 5)

L, &4

Input + mask P i
of shape (L, 5+1) i
sequence is True

[ LSTM block

LSTM block

64 units, return
sequence is False

Encoder

]

Encoded Event

The network

Energy branch

I Dense layer Dense layer W Output I Here is
LRelu activation, LRelu activation, no activation, b
I dropout=0.2 dropout=0.2 dropout=0.1 I
128 units 64 units J 1 units

64

[
\I\ Dense layer Dense Iaver} Output I Here is
[

LRelu activation, LRelu activation no activation, b

I dropout=0.2 dropout=0.2 dropout=0.1
128 units 64 units 1 units

Sigma branch
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Metrics: energy branch, [E] = [GeV]

*and correspondence Histogram of ( — )

101

- 102

IgE — IgE "

103

Quality improves with
increasing E
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CpeaHee {IgE— IgE™)

Metrics: energy branch, [E] = [GeV]

Mean error (  — )
VS
prediction

— CMelleHWe Npeacka3aHuit
——- YpOoBEeHb HYJIEBOTO CMELLIEHNA

Pasbpoc (IgE— IgE ™)

Widthof ( — )
for central percentile 68.2%
VS

prediction

— Pa3bpoc oWwWbKKM Ha YPOBHE NOKPLITVA 68.2%

Error factor

1096 = 4 times

1 2 = 4 5 6 7

lge ™
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MokpbiTHe, %

Metrics: error o branch

o predicts individually for each event

Interval ( -, + ) must contain
68.2% of IgE values

| — [loKpbITUE Ha YpOBHe =0

78 1 MNorpeWHoCTh M3MEPEHNA NOKPLITHUA
——- lMNoKpbiTHe 68.2%
76
T4 7
72 1 [
| =t
LB NSRS 2 R
66
64 |
T T i T Y Y T T T T T
0 1 2 3 4 5 6 T
Ige*

Paszbpoc (IgE— IgE™)

Average must correspond to
width of 68.2% pecentile of real error

1.0 7

0.8

0.6 1

0.4 7

0.2 7

1 — Pazbpoc ownbkK Ha ypoBHE NOKpbITMA 68.2%

CpefnHee npeacka3aHue olMbKK o

R e R o S e B B e A A T T T
1 2 3 4 5
lgE*
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V. Conclusion



Neural networks helps (evaluated on MC simulation):

- separate preserving 60% while suppressing

- reconstruct the energy of tracks with an error factor of 4 and below for
predictions >10 TeV
--> it is proposed to discard predictions < 10 TeV as unreliable.

- individually for each event, estimate the energy prediction error at the level of 1
standard deviation (coverage from 64% to 72%%

Future plans:
- further improvement of neural networks, training on a larger MC
- evaluation of the quality of predictions on real data

- imIE)Iementation of the developed models in the BARS telescope data analysis
package



Contacts:

matseiko.av@phystech.su
t.me/AlbertMac280

Thanks!

Code and models:
github.com/ml-inr/Baikal-ML
github.com/AlbertMatseiko/

 NeutrinoSelection
* NuEnergy



Backup



CpenHee (IgE— IgE ™)

More energy slides

—— CMelleHWe NpeacKka3aHnil
— == YpOBeHb HYNEBOro CMELLEeHWA

IgE*
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Metrics: o branch

Quality criteria:

1)z = — - (011)

2) central quantilex =68%

3) o and A(logE) correlation

Standardized score z distribution

0,15 .

0.10 4

0.05 4t

—— Normal distribution N{0,1) | i
| mmm Z distribution '

0.00 +———r 1 .
0 -75 -50 -25 00 25 50 15

—10.

......

__ (10gEtne — 10gEpred)
Z= o

10.0
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Metrics: o branch

Quality criteria:

1) 7= — - (011)

2) central quantile x =68%

3) o and A(logE) correlation

Standardized score z 2D distribution

10.0
] Zyalue =
1.5 1

5.0 4

2.5

e
o
P I T |

Z value

=715 1=

(logE true — l0gEpred)

o

-10.0 —r—+—1+—+—

logEtrye

- 1071

10-2



Metrics: o branch

Quality criteria:

1) 7= — - (011)

2) central quantile x =68%

3) o and A(logE) correlation

1 o percentile, %

1 o percentile, %

80 e s T
: i = e I
?D—- ............ !
! P e e e
ED_: ............ . <
SD_- i ..... ]
ti]
40 1 I
1
30 ... |
20 4
e S R S S i 7 A A e RS I e SR B R VI S 8 to 15 hits
10 - - 16 to 24 hits
— —-= 25 to 30 hits
- —— > 30 hits
1 2 3 4 5 6

log10E trye
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Metrics: o branch

Quality criteria:

1)z = — - (Ovl)

2) central quantilex =68%

3) o and A(logE) correlation

Pearson coefficient = 0.5

Corresponds to:
— ~ (0,0)!

Predicted o

2.5

2.0

1.5

1.04

0.5

0.0

vs A(logE) 2D histogram

1.0 1.5 2.0
|log10Etrue — 10g10Epred|

- 101
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Mean o?

0.8 1

0.6

0.4 1

0.2

Metrics: o branch
some more graphs

2 .
behavior
----- 8 to 15 hits
- 16 to 24 hits
e —-- 25 to 30 hits
i — = 30 hits
M:_ ..... | m.
: I —————
....... =t *'EM 2 |
SR SIS S J R o EEE |
b e s b e e el
Ll‘m m—
: ! T T T T T T T T
logioEtrue

log10Epred

25 events sample

=== Line of ideal correspondence
® Network predictions

4 5 6
log10E true

As energy increases, the predicted error decreases!
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ObWMM NNaH NPUMEHEHMA HEMPOHHbIX CETEN

CynTbIBaemMble JaHHble

N/

[lopasneHune LLYMOB

N2

BbloeneHme HEMTPUHHbBIX CODbITUN

N/

PeKOHCTPYKUMA NapaMeTpoB cObbITHIA
(aHeprua, HanpaBeHue)
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ObWMM NNaH NPUMEHEHMA HEMPOHHbIX CETEN

CynTbIBaemMble JaHHble

N/

[TogasneHne Wymos
B — CTaHAAPTHAA PEKOHCTPYKLMA
BblaeneHme HEMTPUHHbBIX CODbITUN
J — OLLeHKa NOoTOKa HEMTPUHO

PeKOHCTPYKUMA NapaMeTpoB cObbITHIA
(aHeprua, HanpaBeHue)
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ObWMM NNaH NPUMEHEHMA HEMPOHHbIX CETEN

CymnTbiBaemble AaHHbIE

N/

HO,D,aBﬂeHVIe LLYMOB
\l/ — CTaHOapPTHAA PEKOHCTPYRLNA

BblaeneHme HEMTPUHHbBIX CODbITUN

® N/ = OLEHKa NOTOKa HENTPUHO
[lpenBapuTeNbHanA

DEKOHCTPYKLMA —> PeKoHCTpYKLMA NapameTpos CObbITUM

(aHeprua, HanpaBeHue)
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eI ~ 480M mpu 475 nm ALY ~ 24m

scalterina absorption

TpekoBble CODbITUA :TOYHOCTb YTAQ MPUAETA = 0, 25°
KackaaAHble cObbITUS: pa3speLleHne = 20

MoHTE - KOpAO:

B3aMMOAENCTBME HEUTPUHO C aapamm . CTEQ4M
(HentpmHo C aHeprmamm 10 TaB — 100T2B

Tex HNYeCKne [Tonaet MooHOB: nporpamma CORSIKA 5.7 HO MoaeAn
AAPOHHbIX B3-Mi1 QGSJET
|ﬂ1a HHble PacnpocTtpaHeHne MIOOHOB AO bankaaa : MUM v1.3u
Kocmumyeckme Aydn: moaeab Ha 6asze KASCADE (240 3B —
20 NM>B)

Owmbka no Bpemenn 5 He ; 30% no 3apsay

EAS:Nu = 1:1

train: 5556146 events,
test: 465253 events,
val: 22345821 events



Pa3Hble rpadumKku
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Predicted o
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True error
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bonble sHeprmnm
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CnekTpbl
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Yucno HenTpUHO
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MAoOTHOCTE COBBITKIA
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MNnoTHOCTL CoBbITWIA
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A3MMYTa/IbHbIN YIrON, HEUTPUHO

00030 4

L0025 4

00020 4

0.0015 4

00010 4

00005 4

00000

—1 All nu events

—— True Positive events
!

0 50 100 150 200 250 300 350
A3ZMMYTaneHbIA yron, rpagycel
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Pa3Hble popmynbl



Focal loss

FL(py) = -a; (1-py)” log(py)

{ P 1E 3= 1
Dt = :
1 — p otherwise,



OueHKa NOTOKa HEUTPUHO  (Creayet u3 onpeaenymii E u S)

OwwnbkKa BOCCTAaHOBNEHUA NMOTOKa HENTPUHO

O 50 1 = Yucno HEMTPUHO N3 hopmynbl
n(c)—S(s) n(0) S St ety
n ~
EN(S-5(©)
40 1
€ - mopor KnaccuduKkaumm. g =
SO, EO - oueHKM NnoaaBAEHUA M SKCNO3NLUMM Ha S 7
TectoBom MK Habope AaHHbIX. ’
25
n(€) - KonnyecTBo cobbITUM NpaBee NOPOra.
20 1 5
15/
0.9I(:'>0 0.9|65 0.9'70 0.9|75 0.9'80 0.9|85 0.9'90 O.QIBS 1.0'00
Mopor
MOoMHO OLEeHUTb OLUM6Ky! OTtHoweHue WA Kv:~ 100 000
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OLeHKa NOTOKa HEUTPUHO

_1(§)—S"(&) n(0)

n =~

T EN(D-5(©)

MOKHO OUEeHUTb OWKNOKY!

* BO3bMEéM TECTOBbIE HENTPUHHbIE CODLITUA.
E - napameTp bBHOMMaNbHOrO pacnpeaenenHms!

[To MK oueHunBaem EO c goBepuTeibHbIM MHTEPBAJIOM.

e AN cobbiTna n S° - aHanormyHo!

 CymTaem NorpewHocTb OPMy/bl MOTOKA.

¢ - nopor kKnaccuduKaumu.
SO, EO - nogasnieHne 1 akcnosnums, obeHeHHble Ha MK.
n(€) - KonnyecTso cobbITUIM, NpaBee nopora.

Yucno HENTPUHO

OwwnbkKa BOCCTAaHOBNEHUA NMOTOKa HENTPUHO

50 A

45

40

35 A

30 A

25 1

20 1

15 1

= Yucno HEMTPUHO N3 hopmynbl
= WcTuUHHOE 3HaYeHWe YNCna HENTPUHO
== PaMKu NOrpeLHocT

-
-
-

T T ! 1 ! 1 T L 1
0960 0965 0970 0975 0980 0985 0.990 0.995 1.000
Mopor

OTHoweHue WA/TKv:~ 100 000
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OLeHKa NOTOKa HEUTPUHO

OwwnbkKa BOCCTAaHOBNEHUA NMOTOKa HENTPUHO

0 = = Yucno HEATPKUHO U3 cpopmynm_
n(c)—S(s) n(0) e ey el
n ~
EN(S-5(©)
40
MOHO OLEeHMBATb B 2 peXxmnmax: 2 35
y .
1) OueHKa Ymcna v-cobbITUM B AaHHbIX 2 301
3
2) OueHKa napameTpa NoToKa vV 25 -
(4yncno n(€) - NMyaccoHoBCKas cny4. BeNMYMHA)
20 - ==
15/
0.9IE'>0 0.9|65 0.9'70 0.9|75 0.9'80 0.‘.-';85 0.9'90 0.9I'35 1.0'00
Mopor
o, Ropor wraccdAaLM. OTHoweHue LA/ Kk v: ~ 100 000
, E0 - nogaBneHne n akcnosmuma, oueHeHHble Ha MK. 53

n(€) - KonnyecTso cobbITUIM, NpaBee nopora.



BbiBO GOPMY/ibl OLLUMOKM

Appendix A: Derivation of Eq. (77)

In this section we derive distributions, expected
values and dispersions of random values in Eq.(?77).
Then, using them, we evaluate the error of estimat-
ing the number of neutrino events using Eq.(??7). In
this section, we use P to denote probability of some
outcome for a random variable, and M and D for its
expected value and dispersion, accordingly.

We start by discussing the properties of random vari-
ables in the experimental dataset. Let the latter con-
tains n” events in total, n? of which are neutrino-in-
duced and nf, =n" —n{ are EAS-induced. n}) and nf,
are random variables distributed according to the Pois-
son law with parameters v and g respectively. Hence

e
Pnd=k)= T (A1)
pre v
P(n) = k)= B[ (A2)
Since n” is a sum of nf) and n, it also follows the

Poisson distribution,

_ (wptentn)

P(n" =k) I (A3)
It’s expected value and dispersion are:
M)y =DnM=v+p. (Ad)

Let us now address the classification of events by the
neural network. A trained neural network can be con-
sidered as a black box. As it was discussed in section

* E-mail: matseiko.av@phystech.edn
t E-mail: ivan. kharuk@phystech.edu

77, for a fived classification threshold £, the network
classifies a nentrino-induced event correctly with some
probability £, and EAS-induced event is identified in-
correctly with the probability 5. Hence the number of
identified true and false neutrino-induced events are
independent random variables with binomial distribu-
tlons:

P(n, = kjn® = m) = Bin(m, E)(k),
Pln, = k|-ng =m) = Bin{m, 8)(k) .

(A3)
(A6)

Here nu(€) = np, nu(f) = ny, and Bin(m, p)(k)
stands for the binomial distribution with number of
experiments m and success probability p:

Bin(m, p)(k) = CEp* (1 — p)™—* . (AT)

The number of nentrino-induced events identified
by the neural network on a test dataset is subject to
both of the above-described random processes. Henece
the full probability distributions, f%, of n, and 1, can
be obtained by multiplying the corresponding Poisson
and binomial distributions,

F(m =k)= Z Pln, = klnﬂ = m}i‘-’(nﬂ =m)(AB)

m=1
oo

Pn,=k)= Z P(n, = .ic|n?1 = m}P(nﬂ =m[A9)
m={)
Using Eq. (A8), Eq. (A9), Eq. (Al) and Eq. (A2), one
can evaluate the expected values and dispersions of n,,
and n,:

M(n,) = D(n,) = Ev,
M(n,) = D(n,) = Sp.

(A10)
(A11)

For the random variable n, which is a sum of n, and
1y, one has:

M(n)=D(n)=Ev + Sp. (A12)

Now the task is to estimate binomial parameters E
and S of the neural network after measurements of n,
andn, on the test dataset. To do this, we use standard
formulae:

B n:ﬁ)&}e G- TIJ:LIE]&}- (A13)
v m

The errors of these evaluations are calculated using
the Clopper=Pearson interval. For example, setting
confidence level 1 — o for E, we obtain interval Eg, <
E < Fupax, where Fyi, and E, are from equations:

l"(nE + l} -/Eml'“ r}‘lb—l{l - f}ug_ﬂ"dt =
C(n, (0 —n, +1) fy
o
=3 (A14)
['(nl +1)

Eyiax
o
ald | “”_ﬂ"_ldt -
Ln, +1)I(nf —n,) ./; =

The variation of E with confidence level 1 — a =
0.68 we will consider to be equivalent to one standard
deviation and calculate as

Tp= {Emax — Emin }JI{Z {Alﬁ}
For case of 5 the reasoning is similar:
05 = (Smax — Smin)/2 (ALT)

]

e (n—n"%)? |,

(n —nPE)? .o

Now we are ready to evaluate the dispersion of Ne
estimated using Eq. (77). For this purpose, we used
the standard formula for the dispersion of a function
of random variables,

3‘."\-"5
«:r‘?‘l,E = Z(E}Eai -
-

Wy 2o
DI

(A18)
Here, v and u denote arguments of the function Ne,
which are n(f) = n, n(0) = n® E(£) and 5(€); o2
stands for squared variance of v, and Cov,, denotes
covariance between v and .

Let us explicitly write out the estimation of the vari-
ances and covariances. According to Eq. (A1), 02, can
be estimated as

d'f,o =n". (A19)
Further, from Eq. (A12), one gets
a2=n. (A20)

Next, cri—. and aé can be obtained from Eq. (A16) and

Eq. (ALT).

Finally, note that there are only two dependent ran-
dom variables in Eq. (??7) —n and n°. Their covari-
ance can be calenlated using Eq. (A3), Eq. (A8) and

Eq. (A9),

Covpe,, = Ev + Sp= M(n). (A21)

Therefore this covariance can be estimated as n.

By calculating the partial derivatives of N, in Eq.
(A18) and substituting the obtained expressions for
variances and covarances, we obtain the final result:

n+n%5)? - 2n8

N=F gy

E-d¢ 75

- (A22)
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OCHOBbI HEMPOHHbIX CETEM

[

[laHHble »  “Tlporpamma”

) 4

OTBeT

|
)

CTaHAapTHbIE aNATOPUTMBbI: MawwwnHHoe oby4eHue:

“NMporpamma” - obyyatowmica Ha
npUMepax aifoOPUTM BblaeNneHUs
ONTUMaNbHbIX MPU3HAKOB.

“Mporpamma” - pUKCUPOBAHHbLIN,
HAaNMCAHHbINA YENOBEKOM a/IFOPUTM
peleHna 3aaa4uu.

KaK Bblaenntb npusHaku? Mporpammbl, co3aaiouime

onTumalZibHbie a/IrOPUTMbl
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OCHOBbI HEMPOHHbIX CETEN

Mpumep: NO KOOPAMHATE TOUYKM Ha NIOCKOCTH
NpeacKasaTb, 1EXKUT I OHa BHYTPU OKPYHKHOCTU
eMHUYHOro paanyca.

X1

Wx+b f(y) npeodckasaHue

X3

lMpedcKka3aHue:
[0;1], O -BHyTpU, 1 - CHapy*Ku

Mepa owubKu:
wrpad = |npeackasaHue - npasaal =0

NHuuuanuzayus:
Bbibupaem cnyyanHo w u b

Onmumu3auyuA:
[TOKa BO3MOXHO y/y4lLEeHME:
1. [OnA 3agaHHOM TOYKN, CHUTAEM
npeacKasaHue
2. CyumTaem BENNYMHY PYHKLMMN
wrpada
3. MeTooom rpaAMeHTHOrO CnycKa
n3ImeHsem w 1 b, ytobel
MUHUMKN3NPOBATb WITPad.
4. bepem cneaytowmnin “obyyatowmi
npumep”

moe:
OnTMManbHble 3HaYeHna w u b.

HangeHHblie onTumanbHble NapameTpbl
N ecTb nTorosas “nporpamma”.
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Cnna MaWMHHOIo oby4yeHus

[1aHHbIe

(usodpaxeHue,
nocAedoBamenpbHocmo, ...)

TN HEMPOHHOM ceTwn,

Helipocemb cnocodHa
annpokcumupobameo
AFOOYHO PYHKUUFO

ONTUMANbHbIN ANA AAHHOWN CTPYKTYPb! AaHHbIX

WnX+bm

WnX+bnm

npedcKasanu
e




[padoBble ceTH

10

10

Fpacbbl NO3BONAKOT YUYUTbLIBATb bonee cnoxHble CBA3N B AadHHDbIX
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[padoBble ceTH

. N

eV
@\/ﬁ( NN

W= g(h, hy by .. .) @bc,...€N)

[padoBbie ceTn “0b6HOBNAIOT” rpad: Ha ceaytoWwem ware 3Ha4YeHme BepLUMHbI ABAAEeTCA GyHKLUMEN OT
a) eé cocepei, 6) ceasbIBalOLWMX PEDEp, B) MobanbHbIX arpernpoBaHHbIX CBOMCTB rpada.

[na peKOHCTPYKLUMK yrna NnpuaeTa, arperatmpyerca MHpopmauma co Bcero rpada.
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CsépToyHas ceTb U resnet
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PeKyppeHTHasA ceTb
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HenpoHHasa ceTb

4 times

- Wlcnonwb3sytoTca:
A) cBEPTOYHAA HEMPOHHAA CETb

*
7 x5(xyztQ)

(CNN) Ha ocHoBe ceTv ResNet [3] ResBlock

BatchSize X [Nemsps length]

B) rpadoBas cBepToYHaA
HenpoHHasA ceTb (EdgeGNNI[4])

- PaboTa ceTu oLeHMBaeTcA No
MeZNaHHbIM YI10BbIM
paspeLleHnsIm

ApxutekTtypa CNN

[3] arxiv.org/abs/1512.03385
[4] arxiv.org/abs/1801.07829
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HenTpuHO : Yrnosble pa3pelleHuns
GCN

Median azimut resolution
[ = g% MJ %]
o n (] wn L]
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|

Azimut resolution Polar resolution Direction resolution
—— Reconstruction 2.257 —— Reconstruction g 71 —— Reconstruction
) — —
Net S 200 Net © Net
L — f 1
2 2
1.75
2 v
v & 5
= o
£ LS|
2 g
C ©
© c
o © 3]
ot | 5 o
J E 2
5 15 25 35 45 55 65 75 85 5 15 25 35 45 55 65 75 85 5 15 25 35 45 55 65 75 85

Polar angle bins Polar angle bins Polar angle bins

70



Median azimut resolution

30.5 |
28.0
25.5 1
23.0 1
20.5 1
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HenTtpuHo : Yrnos

Azimut resolutions

—— Reconstruction
Net
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Polar angle bins
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Median polar resolution

CNN

Polar resolutions

1+ —— Reconstruction
Net

5 15 25 35 45 55 65 75 85
Polar angle bins

Hle pa3peLleHus

Direction resolutions

| —— Reconstructed

Net

5 15 25 35 45 55 65 75 85

Polar angle bins
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MIOOHbI : YrnoBble pa3pelleHns

., s Azimut resolutions .- Polar resolutions Direction resolutions
30.0 . —— Reconstruction 601+ — Reconstruction c 154 \— Reconstructed
c 2751 Net 5.5 Net s 141 | Net
O o501 0 ///\ 5 13 :
5225 S 11
Q2001 B 10
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Polar angle bins Polar angle bins Polar angle bins
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350 1

300 A
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LA
=]

Predicted azimut angle

50 1

HenTpnHo: BocCTaHOBAEHHbIE YI/bl

Scatter plot for polar angle
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Scatter plot for azimut angle
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MIoOHbI: BOCCTaHOB/1€HHbIE YT /1bl

Scatter plot for polar angle Scatter plot for azimut angle
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