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• Phases of matter : solid, liquid, gas, plasma

• Matter in extreme conditions reveals its constituents :

     nuclear matter → quark matter

To study QCD matter under extreme conditions : 

• Nuclear Collisions : heat & compress matter

• Lattice Field Theory : numerically solve partition function

• Neutron Star : dense matter, astronomy constraints

``It would be intriguing to explore new phenomena by 
distributing high energy or high nuclear matter density 
over a relatively large volume.’’  - - T.D. Lee (1974)

Overview : QCD matter in extreme
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Overview : deep learning as modern computational paradigm

Differentiable programming

Backward Propagation

Gradient Descent Algorithm



Overview : Inverse Problems Solving with ML
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Explicit 
mapping

Quantity of
Interest Q(x)

Accessible
Observation 𝑶𝒚

Exist 
but implicit

• Direct inverse mapping capturing :

       with Supervised Learning

• Statistical approach to 𝝌𝟐 fitting :     

       Bayesian Reconstruction for posterior 

or Heuristic (Generic) Algorithm to min.

• Automatic Differentiation :

       fuse physical prior into reconstruction 

via differentiable programming strategy



Challenge in HIC and modern computational strategies

• Uncertainties in HIC modeling

• Multiple parameters entangle with 

multiple observables

• How to disentangle different 

factors to reveal fundamental 

physics from the dynamical 

environment final state?

Fig: arXiv:1804.04649QGP
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Universal approximator

Differentiable programming

Gradient based optimization



Direct inverse mapping? CNN make the road

5/15Nature Commu.9 (2018), no.1, 210

Conclusion : Information of early dynamics can survive to the end of hydrodynamics and encoded within t

he final state raw spectra, immune to evolution’s uncertainties, with deep CNN we can decode it back.

• Conventional obs. hard to distinguish

• Strongly influence from initial fluctuations

       and other uncertainties

• CNN : 95% event-by-event accuracy!

• Robust to initial conditions, eta/s
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Predictability and Speed of Sound of the Reconstructed EoS
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• Hadronic cascade dominant

• UrQMD model adapted to any

  density dependent EoS   →

  via density dependent potential 

                  Eur.Phys.J.C82(2022)5,417

        

CMF +

Polynomial

Evidence :  proton’s v2        and     transverse kinetic energy

• Gaussian Process Emulator : 𝑂𝑏𝑠𝑖 𝜽  ~ 𝐺𝑃(𝜇(𝜽), 𝜅(𝜽, 𝜽′))

• The trained emulator predict observables well: 𝑹𝟐 ~𝟎. 𝟗
M.OK, J. Steinheimer, K. Zhou, H. Stoecker, PRL 2023 



Predictability and Speed of Sound of the Reconstructed EoS
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Phys. Rev. Lett. 

131 (2023) 202303

● Posterior ~ Likelihood * Prior ● With real experimental data

Test the extracted EoS on different observables (not used in Bayesian analysis)

68% posterior
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⚫ Mass ~ 2 solar masses

⚫ Radii ~ 10 km

⚫ Densities ~ 8 

⚫ Gravity  → Pressure

⚫ Dense matter Equation of State

𝑃 𝜌

𝜌0

From EoS to Stellar Structure (MR)

Nat. Rev. Phys. 4, 237–246 (2022) 



Noisy/Limited NS Observables to  Equation of State  ?
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TOV equations

?

Inverse inference for EoS
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Generalized Bayesian Inference with DNN+AD:

In-set testing data-set                   Out-set testing data-set 

Training data-set: 

300,000 5-pieces polytropic EoS for 3 low density models 

Mi(Ri) 

Pi(ρi) 

WaveNet@DeepMind Blog 

Neural Network TOV Solver

JCAP98(2022)071;  Phys.Rev.D107(2023)083028  
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Generalized Bayesian Inference with DNN+AD:

Recall: Universal approximation theorem ,1989,1991

NS crust: DD2, inner: Pθ(1.1ρsat ≤ ρ)

Model independent NN EoS 

– trainable network

Neural Network EoS + Neural Network TOV Solver

JCAP98(2022)071;  Phys.Rev.D107(2023)083028  
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Generalized Bayesian Inference with DNN+AD:

Model independent NN EoS 

–   trainable network

Gradient decent to optimize the NN EoS

JCAP98(2022)071;  Phys.Rev.D107(2023)083028  



Mock Test without noise
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Generalized Bayesian Inference with DNN+AD: JCAP98(2022)071;  Phys.Rev.D107(2023)083028  

In-set testing data-set                                                                           Out-set testing data-set 



Mock Test with noise
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For noisy mock data,

 Noise(Mi) ~𝒩(0, 0.1Mi) 

 Noise(Ri) ~ 𝒩(0, 0.1Ri) 

500 samples give us different reconstructed 

EOSs and M-R curves. Gaussian fitting for each 

or to get estimations to statistical errors. 

JCAP98(2022)071;  Phys.Rev.D107(2023)083028  



Fitting performance for 18 M-R observations

14/15JCAP98(2022)071;  Phys.Rev.D107(2023)083028  



Reconstructed EoS from 18 M-R observations

15/15JCAP98(2022)071;  Phys.Rev.D107(2023)083028  



QCD matter in extreme with Machine Learning

Thanks！
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