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Prediction of Jet Energy Loss


Reconstruction of Jet Momentum
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QGP and Jet Modifications
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How can jet modification be quantified?

modified jetjetIdeally…

How do jets from an identical hard process differ in vacuum and in 
medium?

A-Ap-p

Jasmine Brewer (MIT)

Jasmine Brewer (MIT) 8

Key question: compare A-A jets to which p-p jets?

• Standard answer: 
match final 
(reconstructed) !"

� E. Epple 7

What we currently know about jet modification

ATLAS collaboration  
Phys. Lett. B 790 (2019)

ATLAS collaboration  
Phys. Rev. C 98 (2018)

Jets are: 
• quenched in central AA collisions
• not quenched in MB pp collisions

Jets in the medium appear softer

Quark-gluon plasma (QGP) in heavy-ion collisions: 
deconfined phase, hot dense medium.


Jets, collimated sprays of energetic particles, serving as 
hard probe to medium properties.


Jets are quenched in the medium via parton energy loss.


Jet transverse momentum  is the key quantity to 
measure the quenching effects.

pT



From event-averaged observables to jet-by-jet energy loss
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Ei

Ef

χ =
Ei

Ef

Defining the energy loss ratio

9Daniel Pablos University of Bergen

Vac

Med

Vacuum-like 
emission

Hypothetical
vacuum-like 

emission

Medium induced
emission
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same early, 
high energy pattern,

up to matching/stopping scale
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The amount of energy and momentum lost by the energetic parton, as described by

Eq. (2.1), exactly corresponds to the amount of energy and momentum flowing into the

QGP hydrodynamic modes [70]. This will generate a wake that is correlated with the direc-

tion of the jet [78], whose contribution to the experimentally observable jet properties has

to be taken into account. The hybrid model provides an estimate of the wake contribution

to the final hadron spectrum by performing an expansion of the Cooper-Frye formula at

the perturbed freeze-out hypersurface, which yields [79]
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(2.5)

where pT , mT , � and y are the transverse momentum, transverse mass, azimuthal angle

and rapidity of the emitted thermal particles and where �PT and �MT = �E/ cosh yj are

the transverse momentum and transverse mass transferred from the jet, with azimuthal

angle and rapidity �j and yj , respectively. The distribution in Eq. (2.5) has been obtained

by considering that the background behaves as a Bjorken flow, which only has longitudinal

expansion. Generalizing it to the case in which there is transverse expansion can modify

such distribution, depending on the orientation of the jet with respect to the background

radial flow components [80–82]. The consequences of these observations will be explored

in the near future.

The partons that do not completely hydrodynamize are hadronized using the Lund

string model included in PYTHIA8. The contributions from the hadrons of the wake,

together with the fragmented hadrons, ensure event-by-event energy-momentum conserva-

tion.3

2.2 Jet energy loss ratio �jh and traversed path-length L

The main goal of this work is to determine, on a jet-by-jet basis, the amount of energy

loss, quantified through the variable

�jh ⌘
E

h

f

E
h

i

, (2.6)

su↵ered by jets due to the propagation through a hot and dense QCD medium. Here,

the subscript “jh” refers to the energy of the jet measured at hadronic level. These jets

3The distribution in Eq. (2.5) can become negative, most notably in the direction opposite to the jet in

the transverse plane. This reflects the absence of soft particles in such region of phase space compared to

an unperturbed QGP background as a result to the boost experienced by the fluid cell due to the injection

of momentum from the jet. In the present work we will ignore such negative contributions, since they

would show up as negative energy pixels in the jet images used in Section 3.1 (one would need to devise a

procedure to cancel out such negative contributions using particles from a real background which are close

in momentum and configuration space, such as in [79], which we leave for future work). It has been shown

that their contribution to jet observables with relatively small jet radius, such as the one used in the present

work, R = 0.4, is almost negligible [83], which guarantees that none of our conclusions will be a↵ected by

the omission of such contribution. A study of jets with a larger radius will be done in future publications.

– 6 –

Generalizable jet energy loss ratio



Prior efforts: Strong/weak hybrid model
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Hybrid Model

11Daniel Pablos University of Bergen

free parameterO(1)

Strongly coupled 
energy loss
(hydrodynamization rate)

Hadrons from the hydro.
wake (medium response)

PYTHIA8 down to hadro. scale
(formation time argument
for spacetime picture)

Can also study
finite resolution effects
(not done in present work)

Casalderrey-Solana, Gulhan, 
Milhano, DP, Rajagopal JHEP ‘15,‘16,‘17

Hulcher, DP, Rajagopal JHEP ‘18

Jet quenching increases the number of 
soft particles at large angles

PYTHIA8 down to hadronization scale


Strongly coupled energy loss at every stage


Hadrons from the hydro. wake (medium response)

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

Strongest 

quenching

Weakest 

quenching

Pearson 

Coefficients



CNN Prediction of Jet Energy Loss

Regression analysis of jet energy loss between the twin jets with CNN


Well predicted for a wide range of χ
6

χjh

Jet image
33x33

16
features
17x17

16
features
17x17

32
features

9x9
flattened

2592
fc

128
output
layer

8x8 conv, 16
bn, PReLu

dropout(0.2)
avgpool(2x2)

7x7x16 conv, 16
bn, PReLu

dropout(0.2)

6x6x16 conv, 32
bn, PReLu

dropout(0.2)
avgpool(2x2)

bn, PReLu
dropout(0.5)

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



Initial VS Final Energy Selection: Apple-to-apple comparison 

7

Initial  cutpT

Final  cutpT

Initial pT

Final  pT

Initial Energy Selection

Initial  cutpT

Final  cutpT

Initial pT

Final  pT

Final Energy Selection

Jet radius, Rg
Rg ratio between PbPb and pp jets

FES: Selection bias towards jets with
smaller Rg , originated by pT cut.

IES:

– Unquenched class: still biased due to
�jh 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.

FES IES

Yi-Lun Du Deep learning jet modifications in heavy-ion collisions June 28. 2023 18 / 31

Quenching effectSelection bias

       

Yaxian MAO 
Central China Normal University

ALICE Overview (HP2020)

Jet substructure in mid-central Pb-Pb collisions
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• Results are fully corrected for background and detector effects

- Modification of θg, more pronounced for larger SD zcut = 0.4 → narrowing jets

- Larger effect for symmetric splittings (SD zcut = 0.4)

SD zcut = 0.2 SD zcut = 0.4

Reconstructed 
jet by C/A 
algorithm, i.e,
angular 
ordering tree

FES
IES

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

Vacuum jets

Medium jets

Vacuum jets

Medium jets



Towards jet tomography

Strong correlation between jet traversed length  and energy loss 


Selecting jets with different  will naturally select jets that traversed different :  Great potential to make tomographic application!

L χ

χ L
8

YLD, D. Pablos and K. Tywoniuk, PHYS. REV. LETT. 128, 012301 (2022)
More quenched Less quenched



Challenges from the QGP background 
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Vacuum jets: PYTHIA8 model


Jet interaction with QGP: Linear Boltzmann 
Transport (LBT) model


Pb-Pb collisions in 0-10% centrality at √S=5.02TeV


QGP background: a toy thermal model

 

1699.80 0.5682 GeV

• Jet  —sum of the LBT jet particle  within jet 
cone, in the presence of background particles

pT pT

Background
π+ + π−

< pT >dN/dy

 follows a Boltzmann distributionpT

LBT model



CNN prediction performance on LBT jets
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LBT jets without QGP background LBT jets within QGP background

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

Ran Li, YLD, Shanshan Cao, arXiv:2508.20856
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LBT jets with QGP bkg. subtracted

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?

CNN prediction performance on LBT jets
Ran Li, YLD, Shanshan Cao, arXiv:2508.20856

LBT jets within QGP background



DGCNN on point cloud of LBT jets after bkg. subtr.
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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

DGCNN: subtr.
CNN w/o bkg.

More quenched Less quenched

Prediction ErrorsDGCNN Performance
Ran Li, YLD, Shanshan Cao, arXiv:2508.20856

CNN: w/ bkg.

CNN: subtr.



Jet Momentum Reconstruction in ALICE

ML-based methods outperform the traditional 
Area-based method in predicting jet momentum 
in the presence of the QGP background


ML models are trained using PYTHIA jets 
without quenching effects
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T, ch jet

p

 = 0.4R jets TkCharged anti-
PYTHIA 2.76 TeV + thermal toy Neural network

Area-based method
Random forest
Linear regression

R. Haake and C. Loizides, PHYS. REV. C 99, 064904 (2019)
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ALICE: PLB 849 (2024): 138412

Successful application in ALICE measurement

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

Why not train different jet fragmentation patterns simultaneously?



Effects of realistic medium modification on ML performance
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PYTHIA-trained ML has a prediction bias when applied on LBT jets.


The bias is reduced when the ML model is applied on LBT jets without recoil particles: Recoil particles may be considered 
as the background. 


Conclusion: ML model trained using vacuum jets is incapable of recognizing medium response particles in quenched jets

PYTHIA

LBT

LBT(w/o recoil)

Test PYTHIA-trained ML on different datasets

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

LBT model



Performance of different ML models
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The bias is reduced when the ML model is trained by LBT jets directly or by LBT+PYTHIA jets.


LBT+PYTHIA-trained ML can make accurate predictions on PYTHIA and LBT data simultaneously, demonstrating strong robustness. 


ML methods are more accurate than conventional methods (Area-based & Constituent Subtraction ).

ML(PYTHIA)

ML(LBT)ML(LBT+PYTHIA)

Area-based Const. Subtr.

Testing on LBT data Testing on PYTHIA data

ML(LBT+PYTHIA)
ML(PYTHIA)

ML(LBT)

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



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


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

• 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.



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

   imagepT

   imagenconst

Convolution Layer 1 
 kernel 

Leaky ReLu activation
(3 × 3)

  (35 × 35)

(17 × 17) (8 × 8) (3 × 3) (1 × 1)

Convolution 
Layer 2

 
filters

N
 

filters
N  

filters
N  

filters
N

∫

Convolution 
Layer 3

Convolution 
Layer 4

Dense Layer  
Sigmoid  

activation

Image

Sequence

Point cloud

Graph

Vector

Tree



Genuine Configuration Profile 
YLD, D. Pablos and K. Tywoniuk, PHYS. REV. LETT. 128, 012301 (2022)

Initial Energy Selection (IES) “removes” final state 
interactions (selection bias), since we record “all” jets


IES provides access to the genuine jet creation point (path 
length) distribution and possible initial-state jet anisotropy

18



Towards jet tomography

Strong correlation between jet traversed length  
and energy loss 


Selecting jets with different  will naturally select 
jets that traversed different   


Great potential to make tomographic application!

L
χ

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



Prediction of Jet Production Positions

Point cloud network employs hadrons’ momentum, mass and /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
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Z. Yang, Y. He, W. Chen, et al., Eur. Phys. J. C 83, 652 (2023)
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Jet py > 0

Network 
selection

Actual 
distribution



Diffusion Wake signal amplified by DL jet tomography
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=200-250 GeV/c, >100 GeV/c, 

=1-2 GeV/c in 0-10% Pb+Pb @ 5.02 TeV
pγ

T pjet
T

ph
T



Dynamical Graph Convolutional Neural Network
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coordinates features

EdgeConv Block
k = 16, C = (64, 64, 64)

EdgeConv Block
k = 16, C = (128, 128, 128)

EdgeConv Block
k = 16, C = (256, 256, 256)

Global Average Pooling

Fully Connected
256, ReLU, Dropout = 0.1

Fully Connected
2

Softmax

Linear

BatchNorm

ReLU

Linear

BatchNorm

ReLU

coordinates features

k-NN

k-NN indices

ReLU

edge features

Linear

BatchNorm

ReLU

Aggregation

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



Background Removal of Constituent Subtraction
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Jet  can be well reproduced 


Particle number of jets is slightly over-subtracted 

pT

Ran Li, YLD, Shanshan Cao, arXiv:2508.20856



Jet Nuclear Modification Factor RAA
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Direct application of ML(LBT) over-predicts the jet due to residual distribution of +steeply falling  spectra of jets, can be 
effectively corrected by unfolding


 from ML(LBT) & ML(LBT+PYTHIA) are closer to that of the current target baseline “LBT jet within bkg.” than  from ML(PYTHIA).


Conclusion: it is necessary to include realistic quenching effects in training ML models

RAA ptarget
T pT

RAA RAA

ML(LBT) unfolded
LBT jet within bkg.

ML(LBT) predicted

ML(PYTHIA)
ML(LBT) ML(LBT+PYTHIA)

LBT jet within bkg.

Effect of unfolding Different ML models
Ran Li, YLD, Shanshan Cao, PLB 870 (2025) 139940


