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f 1. Introduction JUTRY

¢ Transverse collective flow is an important observable in

studying Quark-Gluon Plasma (QGP) [1]

e Heavy-ion collisions observe significant elliptic flow (v,) [2]
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e Deep Neural Networks are well suited for mapping

e Estimation of reaction plane angle (yg) is non-trivial [3] %8 ~04 0.0
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First Deep Learning based estimator for elliptic flow [5]

Qomplex nonlinear functions [4]

¢ Final state particle kinematic information as input
e Estimator preserves the centrality, and p dependence of v,

e Excellent prediction accuracy against noisy simulation

e Applicable to both RHIC and LHC energy

wz for identified particles, and n, scaling under study

o~ 0 h =

U. Heinz and R. Snellings, Ann. Rev. Nucl. Part. Sci. 63, 123 (2013).
J. Adams et al. [STAR], Phys. Rev. Lett. 92, 052302 (2004).

A. M. Poskanzer and S. A. Voloshin, Phys. Rev. C 68, 1671 (1998).

K. Hornik, M. Stinchcombe and H. White, Neural Netw. 2, 359 (1989).
N. Mallick, S. Prasad, A. N. Mishra, R. Sahoo, and G. G. Barnaféldi,
[arXiv:2203.01246 [hep-ph]], and references therein.
This work is supported by NKFIK OTKA K135515.

Te-mail: Neelkamal.Mallick@cern.chj

InputVector 2. Deep Learni ng Estimator §>N [ PP, [5,,=5.02 ToV (in bies) _' ;3"
(3072) 03:_ ITI]\I“:T)TB "o .- '.:. .E. '_:
¥ e (n — ¢) space as the primary input space I av,=00073 : -*§ ST
nput Layer e pr, mass, and an energy term as the secondary inputs 0.2¢ &ifﬁ : :1 ' ]
(128, RelLU) _ . [ o :
3 e 32 X 32 bins each, three such input layers 0.1f. " . g’
Hidden Layer () « Training with Pb-Pb collisions, 1 /sxq = 5.02 minimum bias NS 5
(256, ReLU) 0 0.1 0.2 Vm%4
3 events, simulated with a multiphase transport model (AMPT) _ o e
- " . . . . D- i - =
Hidden Layer (Il) e Early stopping callback to ensure minimal overfitting S [ PoPbsw=502Tev
(256 ReLU) S AMPT  w=0.1
: e Mean Absolute Error (Av, = 0.0073) on 10K testing data Bl Sweto mwois ]
i w=20
Hidden Layer (11)) e Fori' event, and jth feature, the feature value - -
(256, ReLU) B :
Fi< F i +X; /w where X; ; € (—0;, 0)). 1k .
OutputVector _ L .
(1, Linear) 0; = standard deviation, w = noise parameter BT 7u
i Centrality(%)
f . 3. Results
Centrality Dependence 0.08 pt Dependence
Cos | | | | 1 005 : .y | | |
g Pb-Pb, \[s = 5.02 TeV = 004k :::EE:EE:@:Z:?? ::/’ _ g Pb-Pb, \[s,,, = 5.02 TeV (30-40)%
[ ®ALICE, Anl>1.0  0.2<p_<5.0[GeV/c] A _ ; - - ALICE, lAn/>1.0 -
0.15 I ‘= AMPT il <0.8 0.03 5 Au Au,\/% 200 GeV 1 0.3 i = AMPT |n| <0.8
- 4 DNN 4 DNN
0.1 0.02F A . 0.2
_ 001l
0.05 LI SRR 0.1}
ok _ V’(2rue
5 15F e From minimum bias training to estimation of g
s centrality and p; dependence of v, S
E : e Comparison of prediction with simulation and E 2F
< -4 < :
% : experimental results = :
o020 30 a0 50 6070 , _ , o B v I Y S—
K centrality%) ® EStimation of v, for different collision systems p_ [Ge
f 4. Summary References

\y
\



mailto:neelkamal.mallick@cern.ch

