Automatizing the search for mass resonances i .
- Université Co i
using BumpNet AT e

Laboratoire de Physique de Clermont

»\
‘l .

12O | WEIZMANN
INSTITUTE
YT | OF SCIENCE

(YT

Jean-Francois Arguin?, Emile Baril?, Ilan Bessudo?, Fannie Bilodeau?, Maryna Borysova?, Shikma
Bresslers, Samuel Calvet3, Shalini Epari', Ethan James Meszaros*, Elad Kligers, Michael Kwok Lam
Chu?, Hoang Dai Nghia Nguyen?, Julien Noce Donini3, Eva Mayer3, Bruna Pascual3, Theresa Reisch?,

Amit Shkuric, Muhammad Usman®, Imane Zahir> Z32N UNIVERSITE U"F
ISl

"y
gdéd

Y 4
v
[ 4

clawl Il gLl Gwal deoly

~
‘Universitée de Montreal “Weizmann Institute of Science 3Laboratoire de Physique de Clermont-Auvergne - UCA - : DE G E N EVE
CNRS/IN2P3  “University of Geneva >Hassan Il University of Casablanca

Motivation Histogram Processing + Calibration
What? Train a neural network to identify mass bumps in real data without the need of © Train + evaluate using the Dark Machines dataset | 3]
simulation or analytical fit to estimate the background = Designed to test anomaly detection techniques

= Fquivalent to 10 fb~! with highest cross-section processes at the LHC

Why? Exploit the discovery potential of the data

. . . . . Final stat de f | bl binat f the followi bjects:
= Impossible to check all possible searches with the traditional analysis © Final states made from all possible combinations of the following objects

= Many possible resonances in unexplored final states € Y Reconstructed leptonic Z Boosted ¢
1% Jet (4) Boosted hadronic W/Z High mass jet (m > 200 GeV)
Overview , L o
© 30,000 mass histograms created from all combinations of objects in each final state
BumpNet [1] is a fully supervised neural network (NN) trained to map smoothly falling (e.g. le + 25 — mf(e, ji), m(e, j2), m(J1, J2), m(e, j1, j2))
histogram data to z-significance values. © Rebinning reflects detector resolution
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