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Outline

0. Baikal-GVD experiment: brief description
1. Baikal-GVD ML processing pipeline

2. Developed NN models: metrics and real data validation
* Background EAS Events (pre)filtering
* Signal Hits Filtering
* v-candidate extraction
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Event representation for NN

Causal (time-ordered)
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Helps to retrieve sophisticated dependencies
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Training with MC-simulated data




ML processing pipeline

NN Applications

Prefiltering:
(1) | eas suppression, fast and rough

“Raw” events >

Algorithmic
reconstruction

(1)
Problem: 1 v per 10%-107 events.
NN solution: Prefilter Model
suppresses background by factor 1000 while keeping 99% v-events

Also may speed up standard reconstruction!



ML processing pipeline

NN Applications

i Prefiltering: |
| (1) | eas suppression, fast and rough | '~ _

“Raw” events > -
(2) Noise hits filtering - —

Algorithmic

reconstruction

(2)
Problem: 85%-90% of hits are due to water luminescence.
NN solution: Hit-level Filter
suppresses noise hits with Recall=Precision=95%

Also may improve usual reconstruction!



ML processing pipeline

NN Applications

Prefiltering:
(1) | eas suppression, fast and rough | ~
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Algorithmic

(2) Noise hits filtering reconstruction

¥

(3) v-candidate extraction: ks
v selection from filtered events

(3)
Problem: still many background events in data.
NN solution: v-candidate Extractor

uses signal hits to select v-events precisely

Selected v-candidates may be passed through usual reconstruction!



Prefilter model

Event

|  Transf NN
[ ranIOTmeEr J MC datasets events #

/ EAS Vatm Vcosmo

Train | 1M 0.5M |05 M

‘ | Val 50k | 25k | 25k
'\ i Prediction p, € [0,1] Test | 600k | 100k | 100k
% X Classified as EAS Classified as v
X TING | \
R & ; i |
x Y Metrics having € fixed:
o >< ° 0 1 * EAS suppression factor (FPR1)
) e v events efficiency (TPR)

Classification
threshold ¢ .




Prefilter model: metrics
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EAS Suppression VS v Efficiency (scanning ¢)
At £ =0.761: suppresses EAS 1000 times while saving 99% v

Results for MC ground truth quality cuts:
* #signal hits> 8
* #signal strings > 2
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Prefilter model:
Domain Adaptation (DA) from MC to real data

DA technique from arXiv:1505.07818

Uses (indirectly) real data while training on MC! Lot Without DA 7 EAS Wasserstein
i Distances
Real Events 100 S —Experimental 0.0014-
>
Train | 255k [
8 107! 0.0012
Val 45k
1072
0.0010+
0.0
§ < 0.00081
Applying stand.ard cuts via algorithmic reconstruction o] With DA — as 20006,
(to select physically same EAS subsets): o Experimental
* #of signal hits 2 8 and # of signal strings > 3; L0
* covariance matrix convergence status equal to 3 (fully Z 0.0004 -
successful fit); $ 10-1.
* number of minimizer calls < 350 (convergence quality); ° 0.0002.-
* logl0 phit > -9; 10-21
* logl0(F/(nhits - 5)) < 2, where F is the minimizer
objective value; 0.0 0.2 0.4 0.6 0.8 1.0 00000 oA Da
* ntriplets/nhits > 0.1 (track-topology requirement); §
) Zd'Stt> 702”;;0 Prediction distributions for MC (EAS) and real (Experimental) dataset
e zcenter< m;
« B, E(80°, 180); i,
« 00<2.5rad. Better correspondence with DA (?)



https://arxiv.org/pdf/1505.07818

Noise hits filter

N pulses in event
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Noise hits filter: metrics
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Results for quality cuts via the model:

* #signal hits> 8
e #signal strings > 2

atmospheric vy,

1.00-
0.98-
0.96-
0.94-
0.92-
0.90-
0.88-
0.86-

—  precision
=== recall

cosmogenic vy

1.00
0.981
0.961
0.94-
0.921
0.90-
\ 0.881
\ 0.861

0.0

0.2

0.4
&

0.6

—  precision
=== recall

0.8 1.0 0.0 0.2

0.4
&

Both precision and recall exceed 95% at ¢ = 0.55 for all event types.

Surpasses standard “scan-fit” algorithm arXiv:2108.00208
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https://arxiv.org/abs/2108.00208

Noise hits filter:

Domain Adaptation (DA) from MC to real data

1 MCEAS
102 o
> 1013
_-l:l .
2 ]
cC
()
©
2 1004
-ﬁ 3
©
0
£
1071
T T T | T T T | T | | T T
0.0 0.2 0.4 0.6 0.8 1.0

UMAP of the last encoder layer output
to compare cases with and without DA
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Same DA technique from arXiv:1505.07818

P distributions and signal hits
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https://arxiv.org/pdf/1505.07818

v-candidate Extractor

Event
A

~

After noise hits filter model
with threshold 0.8

—>[ Transformer NN J

v
Prediction p, € [0,1]

Classified as EAS Classified as v

A A
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0

Py
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Classification
threshold ¢

Soft cut applied: signal hits > 5
MC datasets events #

EAS Vatm Vcosmo
Train | 2.4M [1.2M | 1.2 M
Val  |200k | 100k | 100k

Test 23M | 100k | 100k

Metrics having ¢ fixed:
* EAS suppression factor (FPR™)
e v events efficiency (TPR)
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Quality cuts: # signal hits > 8, # signal strings 2 3. MC EAS suppression of 1M times working point.
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https://arxiv.org/pdf/1505.07818

Quality cuts: # signal hits > 8, # signal strings > 3. MC EAS suppression of 1M times working point.
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https://arxiv.org/pdf/1505.07818

Summary

1. Progress in 3 ML tasks was achieved (MC metrics)s

I. Events Prefilter Il. Noise hits filter Il. v-candidate extractor
Preserves 99% h8s2 and Suppresses by factor 10°
Suppresses in 1000 times. for all hits Preserves 80%

2. Made steps towards real data processing
o Domain Adaptation makes models more robust while switching from MC to real
data
o However some domain mismatch was found for v-candidate extraction task

3. What’s next?

o Figure out and solve the domain mismatch (MoE, soft labeling)

o To solve downstream reconstruction tasks:
m Energy
m Direction of Arrival



Thanks!
Please ask your questions!

Contacts: Code and models:

matseiko.av@phystech.su
t.me/AlbertMac280 github.com/ml-inr/Baikal-ML
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Full ML processing pipeline

NN Applications

“Raw” events

(partially)
reconstructed events

Background events suppression:
all hits, fast and rough

v

Suppression of noise hits

v

Background events suppression:
signal hits, precise v-events
selection

Event pre-analysis

v

Algorithmic

reconstruction

Reconstruction:
energy, direction

Baikal-GVD goals:

* Neutrino flux estimation
e Source identification

e Spectrum studies
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Domain Adaptation Technique

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

T OL, Any output:
i 70 90, @ + v event probability
Ng il 1 §|:> [:> |:> class label y » ) Slgnalh.ltc
SHEE 2 probability
: 3 Ld = label predictor Gy(-:6,)
!\ g domain ilassiﬁer Ga(+;0q)
HEA f actor Gy(+0y) f@%@%@ ' )
eature extractor G¢(-; 0y o, Yo, & . e
Da, %0 E> |:> . Domain Prediction:

oL, | is MC or Exp event
forwardprop  backprop (and produced derivatives) 0 Gd

Source arXiv:1505.07818
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10_000 MC events

Fast pre-filter: dataset T
40 .‘ *
Data augmentations: g T !
« Random gaussian noise to all inputs. - o
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- Imforxandy
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Results for data after quality cuts:

v-candidate Extractor: MC metrics . ¥ signal hits > 8

e #signal strings >3

EAS Suppression VS v Efficiency (scanning &)
Capable of suppressing EAS by 10° times while saving >80% v
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