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Abstract

Baikal-GVD is a large (~ 1 km3) underwater neutrino telescope located in Lake Baikal, Russia. This work presents a neural network for separating events caused by
extensive air showers (EAS) and neutrinos. By choosing appropriate classification threshold, we preserve 50% of neutrino-induced events,while EAS-induced
events are suppressed by a factor of 10-6. A method for estimating the neutrino flux with minimal error based on neural network predictions has also been
developed. The developed neural network employ the causal structure of events and surpass the precision of standard algorithmic approaches.

Baikal-GVD experiment and neutrino selection
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Resulting metrics

Neutrino flux measuring

The quality of classification are represented by metrics: Considering the neural network as a black box, that classifies neutrino- (EAS-)

- Exposition (E) - the part of neutrino-induced events, that were iInduced events correctly with probability p = E (q = 1-S), one can derive a formula
classified correctly (true positive rate) for evaluating the number of neutrino-induced events in a sample of size n:

(S) - the part of that were n(g) S°(&) n :

classified (false positive rate) n, TR §0 (1)

In Fig.4, the metrics are presented depending on the classification (5)=57(¢)

h h id The desired S =106 | i d at the threshold of 0.9996 Here, n(§) is a number of events, that the network put right to the treshold ¢ E9 and S9
.res old. 1he esolre B IS achieved at the threshold ot L. are estimations of E and S, which are measured on Monte-Carlo events. The

with E equal to 50%. confidence intervals for E? and S° can be calculated, allowing the error in evaluation

(1) to be estimated. The formula has been tested on Monte-Carlo data, consisting of
——— 30 neutrino- and 3*107 EAS- induced events. The result one can see in Fig.5.

To measure the Poisson parameter of the neutrino flux, total number of events n

s should be considered as a random variable, that also contributes to the error.
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The evaluation of neutrino flux
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