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Plan

1. BaikalGVD experiment:
a) structure
b) events
c) data

2. Neutrino selection against the EAS background:
a) Fast “pre-filter”
b) Precise selection of events

3. Future plans






Baikal-GVD

Purposes:
* To observe TeV-PeV neutrinos originating from the

outside of the Solar System
* To investigate their sources

~ Cluster setup process

L
\L“ Laser
~ station
O

Ostankino
Tower

540 m

>14 clusters
are setup by now



Baikal-GVD

CLUSTER
CENTER

* Live calibration of OM positions (accuracy
~20 cm)

* Accuracy of determining the response
time ~2 ns.
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8 strings with 36 OM woeeee” Events rate per cluster (of all origins):
(optic modules) ~40-90 Hz



EAS and v induced events

Cosmic rays

1) EAS
* showers from cosmic rays Inthe atmosphers
* mostly muons reach the cluster yH

* «down-going» events



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

ol . Shower
1 million times more!

.n the atmosphere

T

-

\‘ Atmospheric

A Shower
10GeV - 100TeV in the atmosphere

More cosmic rays



Baikal-GVD

Event options

vV, or atmosperic W

4

Track events

Cherenkov
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cone



Baikal-GVD

Event options

vV, or atmosperic W Ve, Vi, Vo
Track events Cascade events
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Baikal-GVD

Event options

vV, or atmosperic W Ve, Vi, Vo
Track events Cascade events
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Baikal-GVD

Track event picture

v, or atmosperic | late
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Data representation

Causal (time-ordered)

Triggered “OMs”
PN

-

1 hit
Q,txyz

j ordering by time t

Single cluster
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Data representation

Single cluster

Causal (time-ordered)

Triggered “OM”
N

-

1 hit
Q,txyz

/

N
>

ordering by time t

|

1D convolutions, recurrent
networks, transformers
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2SI Néutrincg selection against the EAS
| background



Motivation

EAS to v events ratio = 109-10".

Cosmic rays

We register such events
1 million times more! Shower
\} .in the atmosphere

Shower
in the atmosphere

1TaB - 10M=B

More cosmic rays

Astrophysical
source
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Motivation

FAS to v events ratio = 10°-107,

Cosmic rays

e Standard approach:

We register such events

1 million times more! ol hens
ey T
reconstruction of the zenith angle + cut. ’ . I \
Computationally expensive, ~50% v are lost. y. ¥
ML may help: 8 Atr/ryéspheric
" ) Vv
o filter out most of background cheap and fast Qe VY o
apre_ﬁlt er” mo d el in the atmosphere
achieve better separation quality after some 1ToB - 10MaB
reconstruction:
“precise” model

Astrophysical

More cosmic rays
source
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Fast pre-filter: dataset

MC Hits number distribution

1 All hits
[ signal hits

* Using Monte-Carlo simulation!] |
 EAS evolution and propagation of
particles in water.
 Random noise hits
* Almost fixed geometry: no strings _
floating 10+

10% 4

10° 4

Mumber of events

107 4

10° 4

L] TraCk eve nts Only: 0 50 100 150 200 250 300
Hits number
1) Muons from EAS

2) v {neutrinos of muon flavour) -

2.4*10° 6*104 =5%10°

* Target feature — type of particle EVRPRFIN Rprm— S——- ~CH105

Labels: 0 — EAS, 1 — neutrino
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10_000 MC events

Fast pre-filter: dataset T
40 .‘ :
Data augmentations: R T '
« Random gaussian noise to all inputs. - e
STDs: e
B 1 m for X and y 10 000 MC txr"']thA tati
- 2m for z _
- Snsfort
- 0.05 pe for Q
 Random rotations in x-y plane -

T T T T T T T
—60 —40 =20 0 20 40 60

[1] arxiv.org/abs/2106.06288



Fast pre-filter: The network

Linear Projection + PE + [CLS] token Traini Ng details:
Triggered “OM” 5->128 embedding dim
A
- A  AdamW optimizer
R * BCE loss
ordering by time t Transformer Encoder Layer ) LR=.2e-3; exp decay with 0.01
dim_model = 128, weight
heads = 4, e Early stopping by validation
5 Dropout=0.1, LayerNorm applied ROC AUC, patience 15 epochs
:
\ 4

MLP classifier
1 PN & Hidden layers: [64, 32],
i Dropout=0.1, BatchNorm applied

l

Prediction p,
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Pre-filter: Metrics

* = If]V/NV
. o Classify as EAS Classif
fraction of v identified correctly assity as assfiyasv

(True Positive Rate) | ‘ ) E—

Py -

* FPR=ngae/Neas
fraction of EASs falsely assigned to v Classification
. threshold €
(False Positive Rate)



Pre-filter: Metrics

ROC Curve
L O e ————
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Precise selection: dataset
. Same MC —mm

=3*10°% =5%10° =2*10°%
Neutrino =6*10° =10° =1.3*10’

e Cuts applied (assuming reconstruction made)!
* min 8 signal hits
* min 2 strings triggered

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

22
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Precise selection: The network

Triggered “OM” Input
A

- N _/ p of shage (L,6)
l (L5)

ResNet block
forward: 256 filters, kernel is 8
skip: 128 filters, kernel is 16

W (1/2,128)

ResNet block
forward: 128 filters, kernel is 4
skip: 64 filters, kernel is 8

¢ (L/4,128)

N
>

ordering by time t

Average pooling

\L (128)

~ Dense layer
: Relu activation, dropout=0.2

g 128 units

WV (128)

Dense layer

Relu activation, dropout=0.2
32 units

v 62
Dense and output

softmax activation
2 units: (p,,Peas)

Input of shape (L,F) |

Conv2D:
(L,F)->(L,f1)
Conv2D:
(LF)->(L/2,f2)

Conv2D:
(L,f)->(L/2,f1)

ResNet block
forward: f1 filters, kernel is k1l |
skip: f2 filters, kernel is k2

Output of shape (L/2,f1+f2)

Kernels and filters are same in every convolution
Activations are Leaky Relu, batch normaliztion is
used. Dropout rate is 0.1.

Prediction p,

23



Precise selection: Metrics

of neutrino events

preserved, while suppressing a
background
(].9—-
* Results are . since @2eb
EAS-events were in test .
e Results are preliminary: ) |
* no rotations in XY plane 07
* ResNet should be replaced with
Transformer L

ROC curve (log TPR)

fogio(s)

] T
—— ROC-curve
Errorof 5 atthe level lo

1 === Suppression 5 = le-6 /
|
1
1
|
|
|
|
L
|
|
1
|
|
1
|
1
1
|
1
1
i
1
i
1
i
|
1

E=064.28%
1
|
: tHthldé:U_gﬂbj
|
1
I
|
1
|
|
|
L e L
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Precise selection: Estimation Flux Algorithm

Based on

- measured and ,and

- knowing total number of events in the dataset N¢y¢qr,
the true number N,, of v-events can be estimated.



Precise selection: Estimation Flux Algorithm

Based on

- measured and ,and

- knowing total number of events in the dataset Ny,
the true number N,, of v-events can be estimated.

1) Treat the NN as a black box, performing a binomial
process:
- If the eventis v, the NN assigns it to v class with
probability p,,.
- If the eventis EAS, the NN assigns it to v class with
probability pgas
2) Then, expected number of events classified as v is:
Npred = pyNy + PpasNeotar — Ny,
from which N,, can be derived.



Precise selection: Estimation Flux Algorithm

Based on

- measured and , and

- knowing total number of events in the dataset N¢ytqi,
the true number N,, of v-events can be estimated.

1) Treat the NN as a black box, performing a binomial process:
- Ifthe eventis v, the NN assigns it to v class with probability

Py-
- If the event is EAS, the NN assigns it to v class with

probability pgas
2) Then, expected number of events classified as v is:

Npred = pyNy + PEas Neotar — Ny),
from which N, can be derived.

We have estimations for p,, and pg4s: and |

Also, we know Npreq and Niotar!
Then, the following estimation is correct:

! Ntotal

— Npred -
N, =

Then, we can calculate its statistical uncertainty ogg !

60 4

v-events number

o
1

=20 -

Preliminary results for
10 v-events against 100_000 EAS background

20 1

— Estimated v-events number, N,
Estimated ogg of N,

—— True v-events number in dataset

W

0.900 0.925 0.950 0.975 1.000

threshold, ¢

0.800 0.825 0.850 0.875
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} 1.
Future Challenges

PAS)



1. Adaptation to experimental data domain

The problem:
 MC deviates from reality
— Hard to rely on NN predictions



1. Adaptation to experimental data domain

The problem:
 MC deviates from reality
— Hard to rely on NN predictions

10° 4

e To validate models using well- 104

reconstructed events

* To compare distributions of model
scores in MC and Experimental
domains

1073 5

104

1072 4

Distributions for “pre-filter” model prediction:

MC VS Experimental data.

Signal Cuts (experiment events have been
reconstructed): hits>8, strings >2.

— Experimental data
MC simulated data

0.0

0.2

0.4 0.6
Neural network prediction

0.8 1.0
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1. Adaptation to experimental data domain

The problem:
 MC deviates from reality
— Hard to rely on NN predictions

Solutions:

* To validate models using well-
reconstructed events

* To compare distributions of model
scores in MC and Experimental
domains

e Use Domain Adaptation (DA)
techniques

DA scheme:
domain-adversarial training with a gradient reversal layer

e T 00y
E> ,‘ : \ : i : f\; |:> |:> |:> E class label y
2\ - J
Dl =~ label predictor Gy (+;6,)
C
‘%o N 90 ¢ & — domain J(ilassiﬁer Ga(-:04)
Qz‘ 8 j_/, (‘"9 _ r = N
N . V\/Q} I
feature extractor Gy(-;6y) (?j)@z% G
& < E> |:> @ domain label d

D % ~
90 ¢ OLg4
_ forwardprop backprop (and produced derivatives) o6 d
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2. Solving real tasks

“pre-filter” model:
* Integrate the model into the Baikal collaboration’s data-analysis framework

(BARS)
e Significantly reduce the time required for subsequent event reconstruction

“precise” model:
* Produce catalogues of neutrino events with a quantified contamination rate
from EAS events
* Estimate the total neutrino flux



V.

Conclysions

BB



1) Neural networks helps (evaluated on MC simulation):

e Suppressthe EAS background from 5 (25 signal hits events) up to @100 (216
hits) times using raw signals

e Preserve 60% of nu-events while suppressing EAS background by @10° times
using reconstructed signal hits

2) Much of work with real-experiment data to do.
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Thanks!

Contacts: Code and models:
matseiko.av@phystech.su
t.me/AlbertMac280 github.com/ml-inr/Baikal-ML



Backup



ore “pre-filter” graphs
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More “pre-filter”

Density

Classifier output distribution

graphs

h0sO

Classifier output distribution

[ For Nu only
For EAS only

10?
[ For Nu only
For EAS only
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2 1004
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OBWMM NNaH NPUMEHEHMA HEMPOHHbIX CETEN

CymnTbiBaemMble JaHHble

N%

[loaaBneHne WymoB

N%

BbiaeneHne HEMTPUHHbBIX CODbITUM

N2

PeKOHCTPYKLMA NapameTpoB cObbITUM
(sHeprmsa, HanpaBaeHme)
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OBWMM NNaH NPUMEHEHMA HEMPOHHbIX CETEN

CymnTbiBaemMble JaHHble

N%

[loaaBneHne WymoB

NY — CTaHAAPTHAA PEKOHCTPYKLUMA
BbiaeneHne HEMTPUHHbBIX CODbITUM

_ > OLLeHKa NOTOKa HEUTPUHO
PEKOHCTPYKLMA NapamMeTpoB COObITU

(sHeprmsa, HanpaBaeHme)
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OBWMM NNaH NPUMEHEHMA HEMPOHHbIX CETEN

CymnTbiBaemMble JaHHble

N%

[loaaBneHne WymoB

NY — CTaHAAPTHAA PEKOHCTPYKLUMA
BbiaeneHne HEMTPUHHbBIX CODbITUM

N2

MpenBapuTenbHas D pexoricrpykuma napamerpos cobbiTuii
DEKOHCTPYKLMA - (3Heprus, HanpasneHue)

— OUEHKa NOTOKa HEUTPUHO
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scatterina

A/ A2 480M mpm 475 nm Agycorprion N 24M

TpekoBble CODbITUA .TOYHOCTb YIAQ NpuAeTa = 0, 25°
KackaaHble COObITUA: paA3peLleHne = 2°

MoHTe - KapAo:

Bzanmoaemcrteme HEUTPUHO C aapamm . CTEQ4M
(HemTtpuHO C aHeprmamm 10 IaB — 100T2B

TeX HNYeCKpe [MTonaet miooHOoB: nporpamma CORSIKA 5.7 HO moaeAmn
AAPOHHbIX B3-Mi QGSJET
|ﬂ|a HHble PacnpocTtpaHeHne MIoOHOB AO bankaaa : MUM v1.3u
Kocmumyeckme Ayun: moaeab Ha 6ase KASCADE (240 'aB -
20 lN3B)

Owmnbka no Bpemenn 5 He ; 30% no 3apaay

EAS:Nu = 1:1

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



Pa3Hble rpadpukm



Metric value

Metric value

bonble pazgeneHunAa
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CneKTpbl

CnekTpbl v
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MnoTHOCTE COBBITWIA
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MAoOTHOCTE COBBITKIA
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MNnoTHOCTL CoBbITWIA
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Pa3Hble popmynbl



Focal loss

FL(py) = -a; (1-py)” log(py)

p ity =1
o= 1 — p otherwise,



OLI,EHKa NMOTOKA HEﬁTpMHO (Cnepyet n3 onpenenHum E n S)

Owmnbka BOCCTAaHOBNEHMSA NOTOKA HEUTPUHO

O 30 1 — YNCNo HENTPUHO U3 Q)opmynbl_
1 NE)—-S7(5)-n(0) S
"OE9)-8°(©)
40 -
¢ - nopor KnaccnpmKaumu. §35-
’_
SO, EV - oueHKM NoAaB/ieHMA M SKCMO3ULLMMK Ha § =
TectoBom MK Habope AaHHbIX. ?
25 A
n(¢) - Konnyectso cobbITM Npasee nopora. |~V T
20 —=
15|
0.9'60 0.9'65 0.9170 0.9l75 0.9'80 0.5;85 0.9'90 0.9'95 1.0'00
Mopor
MOMHO OLEHUTb OLL|M6KY! OTHoweHue WWAT K v:~ 100 000
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OueHKa NOTOKa HEUTPUHO

Owwnbka BOCCTaHOBNEHUSA NMOTOKa HEUTPUHO
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§ - nopor knaccugukaum, OTHoweHue WA K v:~ 100 000

SO, EY - nogasneHme 1 3Kkcno3nums, oueHeHHble Ha MK.

o 52
n(€) - konnyecTso cobbITUIN, NpaBee Nopora.



OueHKa NOTOKa HEUTPUHO
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5

2) OueHKa napameTpa NoToKa Vv 25
(ymcno n(€) - NMyaccoHoOBCKasA cay4. BENYMHA)

20 1

15

¢ - nopor KnaccuduKaumm.
SO, EY - nogasneHme 1 3Kkcno3nums, oueHeHHble Ha MK.
n(€) - KonnuecTBo cobbITUI, NpaBee Nopora.
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— YNCcno HenTPUHO U3 hopMynbl
= WNCTUHHOE 3HaYeHNe YNCcna HenTPHUHO
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-
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-
-
-

0.960 0965 0.970 0975 0.980 0.985 0.990 0.995 1.000
Mopor

OTHoweHune WWATKv:~ 100 000
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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

vhe—v
Pnl=1k)= T (A1)
phe
P(n}, = k) = - (A2)
Since n” is a sum of nf) and n, it also follows the

Poisson distribution,

(u +p}ke—(u+p)

Pin"=k)= o (A3)
It's expected value and dispersion are:
M) =DM =v+pu. (A4)

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.edu
t E-mail: ivan. kharuk@phystech.edu

x—1

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

P(n, = kjn® = m) = Bin(m, E)(k),
P(n, = kn, =m) = Bin(m, S)(k) .

(A3)
(A6)

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

Bin(m, p)(k) = Ckp* (1 — p)™F. (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. Hence
the full probability distributions, f%, of n,, and n,, can
be obtained by multiplying the corresponding Poisson
and binomial distributions,

FPm, =k)= Z P(n, = kjn = m)P(n] =m)(A8)
m=1

Pen, =k)= Z P(n, = k|nﬁ = m}P(nﬂ =m[A9)
m=0

Using Eq. (A8), Eq. (A9), Eq. (Al) and Eq. (A2), one
can evaluate the expected values and dispersions of n,,
and 1z,

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,
and n, on the test dataset. To do this, we use standard
formulae:

=" gl

: Al13
nd ’ nf! (AL3)

The errors of these evaluations are caleulated using
the Clopper=Pearson interval. For example, setting
confidence level 1 — v for £, we obtain interval E;, <
E < Fupay. where Fyy, and Eyg, are from equations:

F(JLE + 1} /EnnLu ;“b_l(l _ ;}“2_“"“13 =
D(n,)C(n® —n, +1) Jy
4
=2 (a1
R 5.2 MY G MRS SO
T(n, + 1I(n® —n,) f,
=1- % (A15)

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

Now we are ready to evaluate the dispersion of N
estimated using Eq. (?7). For this purpose, we used
the standard formula for the dispersion of a function
of random variables,

AN
X = Z(E}"oi +

AONg . AN,
2 ;(E{}(&_j}cwu,u .

(A18)

Here, v and u denote arguments of the function Ng,
which are n(€) = n, n(0) = n° E(£) and §(£); o2
stands for squared variance of v, and Cow, ,, denotes
covariance between v and u.

Let us explicitly write out the estimation of the vari-
ances and covariances. According to Eq. (A1), ";21" can
be estimated as

ain =n".

(A19)
Further, from Eq. (A12), one gets

2 _
a,=n.

(A20)

Next, oQE_ and a'g. can be obtained from Eq. (A16) and

Eq. (A1T).

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

Eq. (A9),

deviation and calculate as Covyo, = Ev + Sp= M(n). (A21)
75 = (Emax — Emin }/2, (A16) Therefore this covariance can be estimated as n.
For case of S the reasoning is similar: By calculating the partial derivatives of N, in Eq.
(A18) and substituting the obtained expressions for
o5 = (Smax — Smin) /2 (A17) variances and covariances, we obtain the final result:
]
2 _ n— n®3)? ot (n —n"E)? P +n?(S)% — 2n8 (A22)
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