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QGP and Jet Modifications

modified jet

/ ! I By J. Brewer

Jets are unique hard probes to QGP

« QGP: AA/AB collisions at 4/ s with different centralities

- Jets (dijets, y/Z-jets ). initiator’s flavor, energy, position,
direction and jet substructures developed at early stages

« Jet-medium interactions

© Towards more precise probes & jet tomography with ML
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Machine Learning Tools for Jets
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© Many tools suit a lot for jets

¢ A tremendous amount of applications in HEP arxiv:2102.02770

Recursive Neural Net
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Outline

¢ Reconstruction of Jet Momentum

% Prediction of Jet Energy Loss




Jet Momentum Reconstruction in ALICE

R. Haake and C. Loizides, Phys. Rev. C 99, 064904 (2019) ALICE: PLB 849 (2024): 138412
é —l I T 1T 1 I LI I 1T l L I L I | l_
_ ———— X 1 21-ALICE Pb-Pb |5, = 5.02 TeV, 0-10% —
@ 0-14"PYTHIA 2.76 TeV + thermal toy -+ Neural network T omatzaton iy
8 0_12: Charged antl'kTJetS R=0.4 “u Random forest —: T 1
= - ptve = 40-60 GeV/c —+ Linear regression - - (& ML-Based _ |
= 0.1F T, ch jet — | & Systematics w/o Fragmentation |
o — 7 0.8} === Fractional Collinear _
8 0.08E 7 - Fractional Large Angle i
ShN z oo e S :
0.06: = 0.6~ ==« Gluons omz ~
0.04F - : .
002: _: 04-— . 3 . } _
o:- - | . ! el =

—40 -30 40 0.2 1.2 —
p rrp:Cch et~ P tTruih jet (GeVic) i - |

0_ I 1 I 1 1 I 1 L1 I 1 1 l | 1 l l 1 | |

20 40 60 80 100 1%8 V/1;10
b ot ~ (GeVlc
@ ML-based methods outperform the traditional Pr.enje
Area-based method in reconstructing jet ¢ Successful application in ALICE measurement
momentum in the presence of the QGP

background

¢ There ML models are trained using PYTHIA jets
without quenching effects

o
L (X) 2
v

ML models are trained separately using PYTHIA jets + toy models
of different quenching effects to avoid the training bias and
quantify the systematic errors

Why not train different jet fragmentation patterns simultaneously?
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PYTHIA & LBT Models

¢ Vacuum jets: PYTHIA8 model

LBT B Y / h
¢ Jet interaction with QGP: Linear Boltzmann Transport J
(LB_D mOdel gluon bremsstrahlung
¢ Pb-Pb collisions in 0-10% centrality at /S=5.02TeV Ja
depletion re‘h\—t" -------- ":\
® QGP background: a tOy thermal model T ' energy ’ . <
+ deposition :
® Reconstructed jets with anti-k;, R=0.4
Background
_I_ 2
- Target p; —sum of the (PYTHIA/LBT) jet particle p; o i
within jet cone, in the presence of background dN/dy <pr>
particles 1699.80 0.5682 GeV

pr follows a Boltzmann distribution




Effects of realistic medium modifications on ML performance

Ran Li, YLD, Shanshan Cao, PLB 870 (2025) 139940
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Test PYTHIA-trained ML on different datasets
¢ PYTHIA-trained ML has a prediction bias when applied on

@ This bias is reduced when the ML model is applied on . Recoll particles may be
considered as the background.

¢ Conclusion: ML model trained using vacuum jets is incapable of recognizing medium response particles in quenched jets.
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Performance of different ML models

Ran Li, YLD, Shanshan Cao, PLB 870 (2025) 139940

¢ LBT+PYTHIA-trained ML can make accurate predictions on PYTHIA and LBT data simultaneously, demonstrating strong robustness.
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Testing on PYTHIA data
@ The bias is reduced when the ML model is trained by | BT jets directly or by LBT+PYTHIA jets.

¢ ML methods are more accurate than conventional methods (Area-based & Constituent Subtraction ).
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Jet Nuclear Modification Factor R, 4

Ran Li, YLD, Shanshan Cao, PLB 870 (2025) 139940

Effect of unfolding

Different ML models
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® Direct application of ML(LBT) over-predicts the jet R, ,due to convolution of residual distribution ofptarget

of jets, which can be effectively corrected by unfolding procedure.

& steeply falling p spectra

| R, ftom & ML(LBT+PYTHIA) are closer to that of the target baseline “LBT jet within bkg.” than R, 4, from

© Conclusion: it is necessary to include realistic quenching effects in training ML models.
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From event-averaged observables to jet-by-jet energy loss

E Vacuum-like
/] emission
I | Eh ..............

- same early, L f  Hypothetical
high energy pattern, th - h  vacuum-lik

up to matching/stopping scale R E ' - e
P - [ emission

f Medium induced
emission

Generalizable jet energy loss ratio




Prior efforts: Strong/weak hybrid model

YLD D. Pablos and K Tywonluk JHEPOS (2021)206

Average of normalized Average of normalized Average of normalized

jet image, 0.25<x < 0.50 jet image, 0.50<y < 0.60 jet image, 0.60<x <0.70

ALY

Strongest £ >
quenching -

"‘ | 1'

relation of y with
p p Ifjtmg

4

Average of normalized
jet image, 0.70<x < 0.85

Translated Pseudorapidity n

Weakest
quenching

¢ PYTHIA8 down to hadronization scale

A
L (X) 4
v

Jet-soft correlation: quenching transfer the
¢ Hadrons from the hydro. wake (medium response) €nergy of soft particles to large angles
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CNN Prediction of Jet Energy Loss

YLD, D. Pablos and K. Tywoniuk, JHEP03(2021)206
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¢ Regression analysis of jet energy loss between the twin jets with CNN. : :
erformance: Jet image

i3

* Well predicted for a wide range of y.

@ Infer out-of-the-cone jet energy loss from in-cone jet constituents.

=jet shape+FF+substructures

Interpretability!
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Challenges from the QGP background

¢ Vacuum jets: PYTHIA8 model by
S I
% Jet interaction with QGP: Linear Boltzmann oo ,'» \.
Transport (LBT) model -

RS T e -
e E recoil ' :

¢ Pb-Pb collisions in 0-10% centrality at yS=5.02TeV ... N e -
+energy e
+ deposition
¢ QGP background: a toy thermal model T
Background LBT model
it
dN/dy < pp> = Jet pT.—sum of the LBT jet particle p W|t.h|n jet
cone, in the presence of background particles
1699.80 0.5682 GeV

pr follows a Boltzmann distribution
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CNN prediction performance on LBT jets

. | Ran Li, YLD, Shanshan Cao, PRC 113, 024912 (2026)
without QGP background within QGP background
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@ Retrained CNN prediction performance on LBT jets is comparable with that on jets from Hybrid model

¢ QGP background weakens the correlations between jet images and energy loss ratio, leading to
degraded performance
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Background Removal of Constituent Subtraction

Ran Li, YLD, Shanshan Cao, PRC 113, 024912 (2026)
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¢ Jet p, can be well reproduced.

¢ Particle number of jets is slightly over-subtracted.
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CNN prediction performance on LBT jets

Ran Li, YLD, Shanshan Cao, PRC 113, 024912 (2026)
with QGP bkg. subtracted

within QGP background
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@ The correlations between jet images and energy loss ratio is largely recovered via subtraction of
background particles (Constituent Subtraction method), as well as the CNN prediction performance

© How to further improve?
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DGCNN on point cloud of LBT jets after bkg. subtr.

Ran Li, YLD, Shanshan Cao, PRC 113, 024912 (2026)
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® DGCNN takes point cloud representation of jets as input, keeping the full jet information

® DGCNN achieves the best performance in all scenarios
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Applications: Initial VS Final Energy Selection

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

Final Energy Selection
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- Final Energy Selection (FES): impose p; cut on final energy

pr>200 GeV — Steeply falling energy loss y distribution,
dominated by little guenched samples!

- Initial Energy Selection (IES): impose p; cut on initial energy

pr/y>200 GeV & final energy p;>100 GeV — More support

of fairly quenched jets. More distinguishable!
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Reveal and remove selection bias: Apple-to-apple comparison

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

Rg ratio between PbPb jets and all pp jets
©® FES: Selection bias towards jets with smaller Rg,

originated by final energy p; cut.

¢ |ES:
SA

» Ungquenched class: still biased due to
y > 0.9 cut: to belong to this class, a jet had

better to be with smaller Rg, compared with

all pp jets.

» Quenched class presents features related to
energy loss, compared with unquenched
class: jet quenching leads to enhancement of

large Rg— creation of a new, semi-hard branch
at large angle from medium response.
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YLD, D. Pablos and K. Tywoniuk, Phys. Rev. Lett. 128, 012301 (2022)

v, VS Centrality forR=0.4 @ syy =5.02 TeV
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@ |nitial Energy Selection (IES) “removes” final state

interactions (selection bias), since we record “all” jets

@ |ES provides access to the genuine jet creation point (path
length) distribution and possible initial-state jet anisotropy
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Towards jet tomography

Histogram for L w/weights

YLD, D. Pablos and K. Tywoniuk, JHEP03(2021)206
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@ Great potential to make tomographic application!
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A WA

Towards jet tomography

YLD, D. Pablos and K. Tywoniuk, Phys. Rev. Lett. 128, 012301 (2022)

Creation points density for centrality 30-40%, R =0.4, pr> 100 GeV @ Vsyy =5.02 TeV
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¢ To get very quenched, jets have to travel longer in medium. So v, & P,y are helpful for
jet tomography.
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Summary & Outlook

@ To better reconstruct jet momentum with machine leaning, training ML models with various realistic
quenched jets simultaneously are recommended to obtain strong robustness and generalizability.

A

© DGCNN, taking full jet information, can obtain good prediction performance on jet energy loss in the
presence of QGP background.

<

With energy loss ratio: Mitigate selection bias and reveal medium effects on various jet observables.

» Develop novel ML models, e.g., transformer, to deal with jet & background particles directly to
Improve the prediction accuracy and avoid the procedure of background removal.

» Reduce model dependence: Incorporate quenched jets from various MC models.

* Include the realistic anisotropic QGP background for better generalizability in experiments.
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How to d

eal with imperfect regression?

Z. Yang, Y. He, W. Chen, et al., Eur. Phys. J. C 83, 652 (2023)
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New training strategy: also required to follow the distribution

Jet in-medium traversed length L

Distribution: True L vs Predicted L (Linear Count)
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Dynamical Graph Convolutional Neural Network

Huilin Qu, Loukas Gouskos, Phys. Rev. D 101, 056019
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