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Heavy-ion collisions
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proton-proton collisions, 𝑠 = 13 TeV 

Pb-Pb collisions, 𝑠NN = 5.02 TeV 

• Quark-gluon plasma is a thermalized medium of deconfined QCD 

matter

• Heavy-ion collisions provide high temperature (𝑇) and/or high net 

baryon density 𝜇𝐵

• Asymptotic freedom: interaction weakens at large momentum transfer



Anisotropic Flow
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ATLAS Collaboration, Phys. Rev. C 86, 014907 (2012)



Machine learning
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“Machine learning is the field of study that gives 
computers the ability to learn without being 
explicitly programmed.”

-Arthur Samuel, 1959
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• Particle Identification

• Track reconstruction 

• Triggering

• Fast Simulation 

• Data Quality Monitoring

• Unfolding Techniques

• Signal and background classification

• Jet identification and tagging

• Beyond standard model physics

• Heavy-ion physics and QGP phenomenology

Machine learning in HEP

A living review of ML in Particle Physics:
https://iml-wg.github.io/HEPML-LivingReview/

https://root.cern/
https://root.cern/manual/tmva/
Scikit-learn: Machine Learning in Python, Pedregosa et al., JMLR 12, pp. 2825, 
2011
https://keras.io/https://www.tensorflow.org/ 

https://iml-wg.github.io/HEPML-LivingReview/
https://root.cern/
https://root.cern/manual/tmva/
https://keras.io/https:/www.tensorflow.org/


Deep Neural Network
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• Neural network as Universal function approximator

• Goal: Learn the mapping function 𝒚 = 𝑓∗(𝒙) or 𝒚 = 𝑓(𝒙; 𝒘)  

• Input: Takes the features as input

• Hidden layers: Connects to each node through different weights

• Output: Gives the result as a number or class

Weights dictate the importance of an input more important 

features get more weights 

• Activation function: Includes nonlinearity in the model 

• Cost function: Evaluates the accuracy between machine 

prediction and true value 

• Optimizer: Method (or algorithm) that minimizes the cost 

function by automatically updating the weights 

Junxi Feng et al. , Phys. Rev. E 100, 033308 (2019). 



Input and Output
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Serguei Chatrchyan et al., Phys.Rev.C 84, 024906 (2011) 

N. Mallick, S. Prasad, A. N. Mishra, R. Sahoo, and G.G. Barnaföldi, Phys. Rev. D 105, 114022 (2022) 

• First deep neural network based estimator for flow estimation 

• (𝜂 − 𝜙) space as the primary input space 

• 𝑝𝑇, mass, and log 𝑠𝑁𝑁/𝑠0 weighted layers serve as the 

secondary input space 

• Model trained on Pb-Pb, 𝑠𝑁𝑁 = 5.02 TeV (Minimum Bias) 

𝜂 = − log tan
𝜃

2
  𝑝𝑇 = 𝑝𝑥

2 + 𝑝𝑦
2

𝜙 = tan−1 𝑝𝑦

𝑝𝑥
   𝜃 = cos−1 𝑝𝑧

|𝒑|
 

Basic kinematics observables

Pb-Pb collisions, 𝑠NN = 5.02 TeV, AMPT simulation



Model architecture
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• Feature size = 32 × 32 × 3 = 3072 per event

• Increasing sparsity and model parameters with 

pixel size

• Optimzer: adam , Loss function: mse

• Max epoch: 100

Batch Size: 32, callback = early_stopping

• Training: 2 × 105 events (~60 GB) 

• Validation: 10% Events 

Model parameters

A multiphase transport model (AMPT)

1. Initialization: Glauber MC with HIJING

2. Parton Cascade: Zhang’s Parton Cascade 

3. Hadronization: Quark Coalescence Model

4. Hadron Cascade: A Relativistic Transport Model 

(ART)

PHYSICAL REVIEW C 72, 064901 (2005)

N. Mallick, S. Prasad, A. N. Mishra, R. Sahoo, and 
G.G. Barnaföldi, Phys. Rev. D 105, 114022 (2022) 



Metrics
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• Loss is measure of the deviation of prediction from the true value

• 𝐸 =
1

𝑁
σ𝑖=1

𝑁 ෝ𝑦𝑖 − 𝑦𝑖
2: mean-squared-loss

• Training and validation curves are fairly smooth and approaches zero

• Training on Pb—Pb collisions, 𝑠𝑁𝑁 = 5.02 TeV

• Applied on Pb—Pb collisions, 𝑠𝑁𝑁 = 2.76 TeV,

and Au—Au collisions, 𝑠𝑁𝑁 = 200 GeV
N. Mallick, S. Prasad, A. N. Mishra, R. Sahoo, and G.G. Barnaföldi, Phys. Rev. D 105, 114022 (2022) 



Centrality dependence of 𝒗𝟐
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ALICE, Phys. Rev. Lett. 116, 132302 (2016) 
PHENIX, Phys. Rev. C 99, 024903 (2019)
N. Mallick et al., Phys. Rev. D 105, 114022 (2022) 

• Good agreement between the simulated and predicted values

• DNN preserves centrality, and collision system dependence of 𝒗𝟐



Light-flavor hadrons
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• Estimation of elliptic flow for pion, kaon, and proton 

• DNN is trained with Pb-Pb, 𝑠𝑁𝑁 = 5.02 TeV (min. bias)

• DNN preserves the 𝒑𝑻 dependence of 𝒗𝟐 

• Meson-Baryon level elliptic flow is preserved with DNN 

N. Mallick et al., Phys. Rev. D 107, 094001 (2023)
ALICE, Phys. Rev. Lett. 116, 132302 (2016) 



Other collision systems
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N. Mallick et al., Phys. Rev. D 107, 094001 (2023), ALICE, Phys. Rev. Lett. 116, 132302 (2016) 



Summary and outlook
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• Deep learning estimator for flow measurements

• DNN preserves the centrality, transverse momentum dependence

• Meson-Baryon level elliptic flow is also preserved

• The prediction is much faster and accurate

• Simultaneous prediction of higher order coefficients

• Extraction of transport coefficients, or prediction for initial energy density

• A full hydrodynamic simulation based on NN
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Systematic Uncertainty
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N. Mallick, S. Prasad, A. N. Mishra, R. Sahoo, and G.G. Barnaföldi, Phys. Rev. D 105, 114022 (2022) 

• Introduce uncorrelated and random noise to 

simulation

• For 𝑖th event, and 𝑗th feature, the feature value, 

𝐹𝑖,𝑗 ← 𝐹𝑖,𝑗 + 𝑋𝑖,𝑗/𝑤 ,where 𝑋𝑖,𝑗 ∈ (−𝜎𝑗 , 𝜎𝑗).

𝜎𝑗 = standard deviation, 𝑤 = noise parameter 

• Large 𝑤 → small noise and vice versa.

• Stable and accurate prediction → robust model

• Systematic Uncertainty



Effect of 𝒑𝑻 dependent training
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N. Mallick et al., Phys. Rev. D 107, 094001 (2023)
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