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1. Introduction

-~

studying Quark-Gluon Plasma (QGP) [1]

Qomplex nonlinear functions [4]

e Deep Neural Networks are well suited for mapping

¢ Transverse collective flow is an important observable in

e Heavy-ion collisions observe significant elliptic flow (v,) [2]

e Estimation of reaction plane angle (yg) is non-trivial [3]
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First Deep Learning based estimator for elliptic flow [5]

e Applicable to both RHIC and LHC energy

¢ Final state particle kinematic information as input

e Estimator preserves the centrality, and p dependence of v,

e Excellent prediction accuracy against noisy simulation

wz for identified particles, and n, scaling under study
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