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Multi-stages process
Soft & hard probes
Various inverse problems

ML can contribute a lot!
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@ Bayesian analysis:

® QGP Properties—EoS, Viscosities 7/, £/s, Jet transport g, Diffusion coeff. Dy, Quasi-parton mass
@ Unsupervised learning

¢ Harmonic flows
@ Supervised learning

? Initial states: Impact parameter, nuclear deformation, a-cluster

@ EoS, Heavy flavor in-medium potential

@ Jet quenching




Bayesian analysis

Py | x) Px) = P(x | y) P(y)

x: data (observables designed by experts)
y: model parameters Posterior Beliefs

P(y | x): Posterior distribution \ Evidence
P(x | y): Likelihood

Prior Beliefs

P(y): a prior

Pog) = JP(x ‘ y) P( y) dy: evidence

Py | x) « P(x | y) P(»)

Infer the parameters with prior knowledge and reasonable likelihood given the data!




Bayesian analysis for E0S

hydro+cascade model
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Spectra of pions, kaons and protons, elliptic flow and femtoscopic source sizes
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Global fitting with Bayesian analysis

norm
160[

mm |
100 , ,

p

w [fm] n/s min n/s slope ' ¢/s norm Tew [GeV]

:‘-\ s | _—

wIou

1.0

0.0F "W

-1.0

2.2[
1.5}

|
il

[wy] m

ura s /b

A

/
’

1.0}

0.0

J
N
|

A

iR

wou s /9

0.16

0.15

e

—_

S
T

-

—— | —

]
[AeD] T

100 130 160-1.0 0.0 1.0

norm

p

08 15 2204 07 1000 015 0300 10 2000 1.0 20 0.140.150.16
k w [fm)] n/s min n/s slope ' ¢/s norm Tow [GeV]

J. E. Bernhard, J. Scott Moreland, S. A.

Trento + IEBE-VISHNU + UrQMD ALICE Pb+Pb 2.76 TeV

TABLE II. Experimental data to be compared with model calculations.

Observable Particle species Kinematic cuts Centrality classes Ref.
Yields dN/dy 7t K%, pp ly| < 0.5 0-5, 5-10, 10-20, ..., 60-70 [108]
Mean transverse momentum (pr) *t, K* pp ly| < 0.5 0-5, 5-10, 1020, ..., 60-70 [108]
Two-particle flow cumulants v, {2} all charged In| <1 0-5, 5-10, 1020, ..., 40-50 [109]
n=2 3,4 0.2 < pr < 5.0 GeV n = 2 only: 50-60, 60-70
0.6 :
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Shear and bulk viscosities

p-Pb data included

Shear viscosity Bulk viscosity

0.4 0.08

. . Bayesian calibration on:
90% credible region

p-Pb, Pb-Pb 5.02 TeV

—— Posterior median

Pb-Pb 2.76, 5.02 TeV ——

pT-differential observables included
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“Strongly supports the existence of hydrodynamic

flow in small systems at ultrarelativistic energies”
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J. E. Bernhard, J. S. Moreland, S. A. Bass, Nature Physics 15, 1113-1117 (2019)
J. S. Moreland, J. E. Bernhard, S. A. Bass, Phys. Rev. C 101, 024911 (2020)

“QGP bulk viscosity is small and
even consistent with zero”

G. Nijs, Wilke. Schee, U. Girsoy, and R. Snellings,
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Bayesian analysis jet energy loss distribution

single inclusive jets
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Bayesian analy

jet transport g
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Information field approach for ¢

single inclusive, dihadron and gamma-hadron spectra

102{(a) {(b) : 12 4 ¢ JET Collab.
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Bayesian analysis heavy quark diffusion coefficients
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FoS from heavy flavor data via QLBT

D meson R, 4 and v, at RHIC and the LHC

A87r?
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See talk by F. L. Liu, 26 April, Wednesday
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Quasi-particle mass from lattice QCD EoS
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Unsupervised learning

© Principle component analysis (PCA)
@ t-SNE: non-linear dimensionality reduction

¢ Auto Encoder: extract features by
minimizing the reconstruction error using
bottleneck network

@ (Generative adversarial network (GAN):
generator + discriminator

¢ K-means clustering for unsupervised
classification

Original data space

PCl

| Transferring data from
/  original space to principal

component space with
conducting PCA

>

Data points are projected
in a way that the object
is viewed from its most
informative view point

=}
e

o

=

/'

Principal component space

PC2

The directions in which data
has the most variance are

presented with PC1 and PC2

&

Dimension 1

respectively
Outp
I A ~=7I
S . Cod -~/ -
\ / \ / = Ry \ / X ]
|| /L N\ AN / /L |
\ / / \ \
\ / /N — 0N \
L / \ 1/ \ — s N\ /N B/ \ [ |
L // \ (- VL /// \\\ |/ \ 1/ pE
FRY I A N\ VL L
_/ \ //// \\\\ /
_//// - |
J N
Y Y
Encoder Decoder




Reduce the mode mixing between v, and 65‘
Ziming Liu, WenBin Zhao and HuiChao Song, EPJC 79, 870 (2019)
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PCA for event-by-event fluctuations
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Subleading harmonic flow

g | leading ||L subleading J 0.2

4 | . . 1+ a » {H 0.1
. | | | 2
£ " & -
= 0 | 4k | | 44 0 3
B . . ¢ . g
. [y

‘e | Nl

-8 B - “ -0.2

-8 4 0 4 8 8 4 0 4 8
x (fm) X (fm)

¢ Leading: triangular components of the initial geometry
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® Explaining the factorization breaking of v, =7
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input layer

‘ L hidden layer

Recurrent Neural Net

ABranch

ABranch
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that movie cool

Recursive Neural Net
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@ Various tools suit a lot for heavy ion physics

@ A tremendous amount of applications in HEP arxiv:2102.02770
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Impact parameter
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PRD 103, 094031 (2021)

Over-estimated!
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CNN with spectrum in (p,, py) space of charged particles

Pei Xiang, Yuan-Sheng Zhao, Xu-Guang Huang, Chin. Phys.
C 46, 074110 (2022)




Nuclear shape deformation

(C) final states of heavy ion collisions using different deformed nuclei
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a-cluster v.s. Woods-Saxon in light nuclear

'2C, Triangle
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quark gluon plasma
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Nature Communications 9, 210 (2018)




Network for heavy quark potential
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QGP and Jet Modifications

jet modified jet R
P-p A-A
By J. Brewer
¢ Jets are powerful probes to QGP i R
- QGP: AA collisions at 4/ s with different centralities ’:¢33iffffffff:f::::::::
- Jets (dijets, y/Z-jets ): initiator’s flavor, energy, position, < ......................
direction and jet substructures developed at early stages
- Jet-medium interactions By D. Pablos

: , , , Hypethetical twin jets in vacuum/medium
“ Towards more precise probes & jet tomography with ML
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Jet Momentum Reconstruction

R. Haake and C.
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@ Pythia jets embedded in a toy thermal model

@ Linear Regression, Random Forest (decision trees),
Neural Network

A
L (X) 4
v

Enable low-p- large-R jet measurements

Loizides, PHYS. REV. C 99, 064904 (2019)
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Jet resolution parameter R

In order to find a suitable combination of input parameters,
the analysis was repeated for a large variety of parameter
sets. The number of parameters used is kept small to avoid a
dependence on data subtleties. Eventually, the following input
parameters prove to be useful, discriminative features:

(1) The uncorrected jet momentum as reconstructed by the
jet finding algorithm,

(2) the jet transverse momentum, corrected by the estab-
lished area-based method,

(3) several jet shape observables, namely jet mass, radial
moment, momentum dispersion, and LeSub,

(4) the number of constituents within the jet,

(5) mean and median of all constituent transverse mo-
menta,

(6) the transverse momenta of the first ten leading, 1.e.,
hardest, particles within the jet.
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Jet Momentum Reconstruction in ALICE

ALICE: arXiv.2303.00592

Standard deviation (GeV/c)
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More precise jet p;-resolution with the ML-based method for low-p
jets at large R




Classification of Quark/Gluon Jets

Y.-T. Chien, R. K. Elayavalli, arXiv:1803.03589
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Jewel jets in pp and AA

DNN with Jet mass, two radial moments
including the girth, p?, and the pixel
multiplicity

CNN on jet images (n,9)

DNN with Telescoping deconstruction
framework exploiting subjet kinematics — p,
mass

“Quark gluon discrimination performance
worsens in heavy ion jets due to significant
soft event activity affecting the soft jet
substructure”
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Classification of Quark/Gluon Jets

Hybrid model More quenching YLD, D. Pablos and K. Tywoniuk, PoS(PANIC2021)224

<

Average of normalized Average of normalized Average of normalized Average of normalized Average of normalized
quark jet image, 0.25<xy < 0.50 quark jet image, 0.50<x < 0.60 quark jet image, 0.60<y <0.70 quark jet image, 0.70<xy < 0.85 quark jet image, 0.85<y <1 ROC curves VS X

L o- for quark/gluon jets classification
* More quenching
Quark . \

Ave'rage of hormaliied Ave'rage of hormaliied Average of normalized Average of normalized Average of normalized
gluon jet image, 0.25<y < 0.50 gluon jet image, 0.50<y<0.60 gluon jet image, 0.60<y<0.70 gluon jet image, 0.70<y < 0.85 gluon jet image, 0.85<y <1

AUC = 0.857, Vacuum
' AUC = 0.845, Medium
. ‘ * Gluon AUC = 0.864, 0.90 < y < 1.00
AUC = 0.825, 0.70 < ¥ < 0.90
| — AUC = 0.765, 0.50 < y <0.70
—— AUC = 0.707, 0.25 <y < 0.50
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@ Same qualitative characteristics: more soft particles at large angles within the jet cone
©® The quenching smears the difference of substructures of quark/gluon jets

© The greater the energy loss is, the more difficult it is to classify
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Prediction of Jet Energy Loss

YLD, D. Pablos and K. Tywoniuk, JHEP03(2021)206_
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@ Jet quenching increases the number of soft particles at large angles

Interpretabllity!

© \Well predicted for a wide range of y




Genuine Configuration Profile

YLD, D. Pablos and K. Tywoniuk, JHEP03(2021)206

Creation points for centrality 0-5%
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Towards jet tomography

Histogram for L w/weights
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application!
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Prediction of Jet Production Positions

Z. Yang, Y. He, W. Chen, et al., arXiv:2206.02393

All positions x<-1.0 & y<0.0
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S e R 2 IR . p;=200-250 GeV/c, pJT >100 GeV/c,

pli=1-2 GeV/c in 0-10% Pb+Pb @ 5.02 TeV
® Point cloud network employs hadrons’ momentum, mass and y/jet info to predict jet production position (x, y)

@ Select jets by their positions and directions to have a larger yields of soft hadron from medium response and induced radiation

@ Diffusion Wake signal amplified by DL jet tomography
See talk by L. G. Pang, 24 April, Monday
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Summary

® Bayesian analysis for various QGP properties: EoS, 7/s, &/, g, D...

@ Discover novel subleading harmonic modes with PCA

@ Various neural networks with different representations of data are applicable in the study
of heavy ion collisions (e.g., DNN, CNN, RNN, RecNN, Point Cloud, Graph NN, PCA...)

@ Reveal initial geometry/condition better

® First application on jet exp. data - Jet p; reconstruction in ALICE

¢ Towards jet tomography (jet energy loss, production points)
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Outlook

¢ Model independence

@ |Interpretability

¢ Applicability to more realistic environment

¢ Better performance from state-of-the-art neural networks? Quantum machine learning?

©® Novel applications:
® Information field approach to more quantities, e.g., n/s, &/s, Ds...

¢ Extract jet traversed length in QGP?

@ Unfold vacuum twin jet properties apart from jet energy? Apple to apple comparison
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