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• The discovery of the Higgs boson in 2012

Overview : 13 years ago

• AlexNet-ImageNet : birth of Deep Learning



2

• Physics Nobel Prize 2024

Overview : last year

• ML for Nuclear Physics
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Overview : Machine- and Deep-Learning

Differentiable programming

Backward Propagation

Gradient Descent Algorithm



Overview: Machine learning, Deep Neural Networks, Representation learning
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𝑓𝑁𝑁 𝑥; 𝜃 = ℎ2 𝑤2ℎ1 𝑤1𝑥 + 𝑏1 + 𝑏2

Composing :

Linear affine transformation
+
Non-linear activation

Layer by layer

Representation learning



Discriminative / Generative
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• Phases of matter : solid, liquid, gas, plasma

• Matter in extreme conditions reveals its constituents :
     nuclear matter → quark matter

Overview : Golden Age of QCD matter in extreme

To study the most elementary particle matter : 

• Nuclear Collisions : heat & compress matter

• Neutron Star : dense matter, astronomy constraints

• Lattice Field Theory / fQCD / Effective models



Inverse Problems Solving with ML

7

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
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Early attempts : impact parameter determination

8
S. A. Bass, A. Bischoff, J. A. Maruhn, H. Stöcker, and W. Greiner, Phys. Rev. C 53, 2358 (1996) 

Simple DNN
Trained on
QMD data
Input 5X5 



Further dev for impact parameter determination

9

P. Xiang, Y. Zhao, X. Huang, 
Chi. Phys. C 53, 2358 (2022) 

MLP and CNN 
(on AMPT event)

F. Li, Y. Wang, H. Lue, P. Li, 
Q. Li, F. Liu, JPG 47, 115104 (2020)

CNN and LightGBM
(on UrQMD event)

M. OK, J. S, K. Z, H. S, 
PLB 811,135872 (2020)

PointCloud Network
(on UrQMD + CBMRoot event)
End-to-end b estimation



Initial clustering structure identification in HICs
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Bayesian CNN 
on AMPT events (multiple-event basis)
Charged pions (phi, pT) from 12C/16O 
+ 197Au collisions at 200 GeV

Multiple event basis



Modern dynamical edge CNN + PCN for self similarity searching

11

PLB 827(2022) 137001, 
Y.-G. Huang, L.-G. Pang, 
X.F. Luo and X.-N. Wang.,

dynamical edge convolution
network followed by a point cloud 
net is used to identify 
self-similarity and 
critical fluctuations in HIC

Repeating the KNN and edge 
convolution blocks twice helps to 
find long-range multi-particle 
correlations that are the key to 
searching for critical fluctuations.



Active Learning map out unphysical QCD EoS

12
D. Mroczek, M. Hjorth-Jensen, J. Noronha-Hostler, P. Parotto, C. Ratti, and R. Vilalta, PRC107, 054911

Stable :

Causal :

Classify EoS physical relevance 
based on 3D Ising model parameters



Nuclear liquid-gas phase transition recognition from autoencoder
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EbE charge-weighted charge 
multiplicity distribution of quasi-
projectile as input →

Autoencoder + confusion scheme
(on NIMROD experiment)



Nuclear EoS, Nuclear matter properties from NS observables

14

Y. Fujimoto, K. Fukushima, etc.,
PRD98(2018)023019
PRD101(2020)054016;
PRD110 (2024)034035;



Direct inverse mapping with CNN for identifying QCD transition

15L. Pang, K. Zhou, N. Su, H. Stoecker, H. Petersen, X. Wang, Nature Commu.9 (2018), no.1, 210

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

2

Data-driven 
Inverse Mapping

Physics Simulation 
provide the Prior



Into more realistic situations
2

Hadronic cascade
(UrQMD considered)

Non-equilibrium transition
(Baryon Clumping, spinodal)

Detector effects
(Hits/Tracks, Point-Net)

Eur. Phys. J. C 80 (2020) no.6,516 JHEP 12,122(2019)
Phys. Rev. D 103,116023 (2021)

Phys. Lett. B 811, 135872
JHEP 21 (2021) 184 15
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• Experimental data has inherent point cloud structure
• collection of particles as 2D array :

• PointNet based models learn directly from point clouds.
• respects the order invariance of point clouds
• direct processing of experimental data from detector ⇒ ideal online analysis algorithm
• optimal for higher dimensional data
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6
Point Cloud Network for Physics online analysis for HICs

p-Pb

Pb-Pb

S.Guo, H. Wang, K. Zhou, G. Ma, Phy.Rev.C 2024

• Collision Centrality Regression

• EoS Classification

• Small/ Large-system Identification

M. OK, J. S, K. Zhou, H. S, Phys.Lett.B 811 (2020) 135872

M. OK, K. Zhou, J. S, H. S, JHEP 10(2021) 184
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Bayesian (Statistical) Inference of hot matter EoS from HIC data
2

17

14 model parameters

speed of sound squared slightly 
softer than lattice EoS 
But significantly overlap



Bayesian (Statistical) global fit on HICs
2

18

Trento + IEBE-VishNew + UrQMD
J. Bernhard, J. Morel, S. Bass, Nat. Phy. 15, 1113 (2019) 

G. Nijs, W. Schee, U. Guersoy, R. Snellings, PRC103,054909; 
JETSCAPE, PRL126,242301; U. Heinz+, 2302.14184 (VAH)
M. R. Heffernan, C. Gale, S. Jeon, J. Pauet, PRC109,065207;
... ... ... ...

Jet quenching/diffusion: 
Y. He, L. Pang, X. Wang, PRL 122 (25) 252302
M. Xie, W. Ke, H. Zhang, X. Wang, PRC108 (2023) L011901; ... ...



Bayesian (Statistical) global fit on HICs
2

18



Bayesian Reconstruction for dense matter EoS from HICs

19

• 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 : p’s v2  and transverse kinetic energy       Closure Test:                                 Use real exp. Data:

M.OK, J. Steinheimer, K. Zhou, 
H. Stoecker, PRL131,202303(2023) Test the extracted EoS on different observables 

(not used in Bayesian analysis)

● Prior



Incompressibility K from Bayesian Inference with low-energy HIC 

20

J. Wang, X. Deng, W. Xie, B. Li, Y. Ma,
arXiv:2406.07051

IQMD simulation of
proton v2 Au+Au at E=400 MeV/Nucleon

MDI: momentum dependent Interaction

Softer!



Bayesian Imaging for Nuclear Structure in Isobar Collisions

21

• Nuclear Structure imaging for single system ? (caveat: model dependent)

• Simultaneous inference for isobar systems with ratio?
• Bayesian Inference: Gaussian Process emulator + PCA dim reduction + MCMC

Data: MC-Glauber + Matching (linear response approximation)

Single system works good

11

Y.Cheng, S.Shi, Y. Ma, H. S., K. Zhou, 
Phys. Rev. C 107 (2023) 064909

• Single-System Multiplicity makes it possible
• The 𝑑⊥ information is redundant
• More realistic analysis with AMPT in progress 



Critical Endpoint from Holographic QCD via Bayesian Inference

22
L. Zhu, X. Chen, K. Zhou, H. Zhang, M, Huang, 
arXiv:2501.15810



Bayesian inference of the critical endpoint from holographic QCD

22
L. Zhu, X. Chen, K. Zhou, H. Zhang, M, Huang, 
arXiv:2501.15810

arXiv:2502.10267



Bayesian reconstruction for h-h interaction from femtoscopy – mock test

23
DNN emulator + PCA for correlation + PyMC
With O. L, J. Z, X. C, etc., in preparation

𝑟0 = 1.0 fm
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Overview: Deep Learning, Differentiable Programming and Automatic differentiation

24

Defining adjoint variables :

Chain rule for gradients :

Deep Learning composes differentiable components to a program, e.g. DNN, 
then optimizes it with gradients
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⚫ Gravity  → Pressure

⚫ Dense matter Equation of State 𝑃 𝜌

From EoS to NS Stellar Structure (MR)

Nat. Rev. Phys. 4, 237–246 (2022) 

⚫ Mass ~ 2 solar masses

⚫ Radii ~ 10 km

⚫ Densities 5-8 𝜌0

?

⚫ Noisy/Limited NS Observables   to  EoS ?

TOV 
equations
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⚫ Gravity  → Pressure

⚫ Dense matter Equation of State 𝑃 𝜌

From EoS to NS Stellar Structure (MR) -- Inverse ?

Nat. Rev. Phys. 4, 237–246 (2022) 

⚫ Mass ~ 2 solar masses

⚫ Radii ~ 10 km

⚫ Densities 5-8 𝜌0

?

⚫ Noisy/Limited NS Observables   to  EoS ?

TOV 
equations



Auto-diff framework and Results

26

● Well validated through Mock Tests 

● With real observable we reconstruct the NS EoS also

S. Soma, L. Wang, S. Shi, H. Stoecker, K. Zhou,  JCAP 98 (2022) 071
S. Soma, L. Wang, S. Shi, H. Stoecker, K. Zhou,  Phys. Rev. D 107 (2023)083028



First-order phase transition reconstruction from NS obs. via auto-diff

26
R. Li, S. Han, Z. Lin, L. Wang, K. Zhou, S. Shi, arXiv:2501.15819

Linear response analysis get the gradients! Then use DNN :

20 points
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Quasi-particle analysis of lQCD thermodynamics

F. Li, H. Lue, L. Pang and G. Qin, Phys. Lett. B 2023, arXiv:2211.07994
Recently generalized to finite baryon chemical potential (use lQCD res with Taylor expansion) → arXiv:2501.10012



HQ Potential Model, Inverse Shroedinger Eq.

28

How to extract effective potential 
given limited spectroscopy ?  → 

?

R. Larsen, et.al, PRD(2019), 
PLB(2020), PRD(2020)

New lQCD results cannot be explained by 
Perturbative HTL-inspired potentials !

S.S, K. Z, J.Z, S.M., P. Z,  Phys. Rev. D 105 (2022) 1, 1 

Hellmann-Feynman theorem
                     Phys. Rev. (1939)



Proof of Concept

initial potential

target spectrum

Learn V(r) from 5 eigenvalues :

{ En } = {3/2, 7/2, 11/2, 15/12, 19/2} GeV

limited spectrum { En }   to  continuous interaction V(r)  ?

Deviation @ given states’ wavefunction vanishes

-- Yes! But to some range decided by the used states. 

29



Results with lattice data for mass/width and the reconstructed HQ Potential

30

Chi2-per-data=16.5/30

The reconstructed T, r dependent potential

S.S, K. Z, J.Z, S.M., P. Z,  Phys. Rev. D 105 (2022) 1, 1 
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Spectral function reconstruction from Euclidean correlator

NeurlPS2021 ‘Machine learning and the Physical Science’, 
Phys. Rev. D 106, L051502 (Letter),  
Computer Physics Communications (2022) 108547, 

L. Wang, S. Shi and K. Zhou
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Spectral function reconstruction from Euclidean correlator

Offler+ 1912.12900; [Kades+ PRD102 (2020) 096001;
Chen+ 2110.13521; Zhou+ PRD104(2021)076011
Horak+ PRD105 (2022) 036014



Hadron emission source reconstruction via femtoscopy

31

arXiv:2411.16343



ML Holography (EMD model) with lattice QCD reference

32X. Chen, M. Huang, Phys.Rev.D 109 (2024) L051902; JHEP02 (2025)123



Generative Models Problem Set

I. Goodfellow, arXiv:1701.00160 (2017) 



GAN to generate complex scalar field configurations

33
K. Zhou, G. Endrődi, L.-G. Pang, and H. Stöcker, 
PRD 100, 011501 (2019)



Autoregressive network for variational many-body physics calculation

34

T. Xu, L. Wang, L. He, K. Zhou, Y. Jiang, 
Chi. Phys. C 2024

L. Wang, L. He, Y. Jiang, K. Zhou, 
Chi. Phys. Lett. 2022, arXiv:2007.01037



Flow based generative model (given unnormalized distribution)

35

S.Chen, O. Savchuk, S. Zheng, B. Chen, H. Stoecker, L. Wang, 
K. Zhou, PRD107, 056001(2023)

Fourier Flow Model 

Albergo +, 1904.12072; Boyda +, 2008.05456; Favoni +, 2012.12901; 
Abbott +, 2208.03832; Abbott +, 2211.07541; Abbott +, 2305.02402; 
Bulgarelli+ 2412.00200 (SU(3)); Abbott +, arXiv:2502.00263
K.C, G. K., S. R., D. R., P. S., Nature Reviews Physics 5, 526-535 (2023)



Diffusion Model

“A heavy quark move inside quark-gluon plasma”



Diffusion Model on lattice QFT configurations

36

L. Wang, G. Arts, K. Zhou, JHEP 05 (2024) 060
L. Wang, G. Arts, K. Zhou, arXiv:2311.03578 (NeurIPS 2023 workshop “ML&Physical Sciences”)
G. A, D. E. H, L. W, K. Z, arXiv:2410:21212 (NeurIPS 2024 workshop “ML&Physical Sciences) → Best Physics for AI Paper Award !
Q. Zhu, G. Aarts, W. Wang, K. Zhou, L. Wang, arXiv:2410.19602 (NeurIPS 2024 workshop “ML&Physical Sciences)



Diffusion Model for field configurations

36

⚫ Forward diffusion SDE

⚫ Backward diffusion SDE

⚫ Score matching Training

⚫ Sample generation SDE

⚫ A flow of effective action will be learned in DMs L. Wang, G. Arts, K. Zhou, JHEP 05(2024) 060

sampling from a DM is equivalent to optimizing a stochastic
trajectory to approach the “equilibrium state”



Effective Action on toy model

37

⚫ Flow of an effective action



DM on 2d scalar 𝜙4 model 

38

numerous “bulk” patterns emerge

⚫ 32x32 lattice, HMC generated 5120 configurations for training

                Broken phase :                                                            symmetric phase :



Relation to (inverse) RG

39

⚫ Forward diffusion kernel: gaussian smoothing

⚫ In Fourier space: 

⚫ ! the above evolution will perturb (smear) higher momentum modes faster 

because of the gradually increasing noise level

In FRG, the high frequency (short-distance) degrees of freedom is progressively integrated out !
See Semon’s and Mathis’s talk!

2 point correlator
𝐩



U-net Emulator for relativistic hydrodynamics

40



CNN Emulator to hydrodynamic results of heavy-ion collisions

41Similar study for intermediate energies with IBUU +DNN emulation see: B. Li+, arXiv:2406.18421



Generative diffusion model to heavy-ion collisions

arXiv:2410.13069

42



Point Cloud Diffusion Model for HICs

43

⚫ 18k UrQMD simulation events for Au-Au@10 AGeV

⚫ HEIDi: Heavy-ion Events through Intelligent Diffusion

⚫ Point-cloud representation: momentum + ID

M. O.K, K. Z, J. S, H. S, arXiv:2412.10352



What’s the future? – Generative AI and LLM maybe the future 

44

17

Chat-GPT

Chat-GPh.T?
Chat-GPh.D?



Summary: Machine Learning and HENP

Thanks！

Nucl. Sci. Tech. 34 (2023) 6, 88

Prog. Part. Nucl. Phys. 135 (2024) 104084

Nature Review Physics (2025)
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• Experimental data has inherent point cloud structure
• Point clouds: collection of points in space

• Point clouds are  represented as 2D array.
• each row= a point in the point cloud
• each column =a dimension of the point cloud

• PointNet based models learn directly from point clouds.
• respects the order invariance of point clouds
• direct processing of experimental data

• Advantages:
• less processing time ⇒ideal online algorithm
• optimal for higher dimensional data

• We consider the CBM experiment as a use case
• Au-Au collisions
• 10 AGeV
• CBM Challenges    → 

point cloud data structure, and CBM challenge
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● Works on direct exp. output
● Event-by-event online possible
● Training data generated by
     ‘UrQMD → CbmRoot’
     10^5 Au+Au 10 AGeV events
      b ~ (0-16)fm

models



Regressive and Generative AI for High Energy Nuclear Physics

6

• Nuclear properties prediction
➢ Dripline locations, atomic masses, separation energies, superheavy nuclei 

location…
➢ ANN application since 1992, later to beta-decay etc., → BNN
➢ Different ML methods, SVM, Gradient boost, BDT,…

• Interpo-/extrapolation of nuclear data, augment nuclear model
➢ Nuclear masses, nuclear charge radii, alpha-decay rate, 
➢ Fission yield constrain, fusion cross-section estimation, isotopic cross-section 

prediction
➢ Within nuclear DFT, Energy density functional (EDF) need to be adjusted to 

exp data – with ML
• Nuclear matter equation of state and Neutron Star properties

➢ Inverse problems in heavy ion collisions and EoS extraction
➢ Experimental global analysis, for QGP properties and PDF
➢ Neutron Star analysis with Bayesian, DNN, Auto-diff…
➢ Fast Simulation (Emulator) for HICs

• In lattice QCD
➢ Inverse problem: spectral function or interaction or PDF reconstruction
➢ Bayesian inference and DNN, and also auto-diff
➢ Configurations Generation via Generative models



(particle phy) Supervised Learning – Regressive Tasks

6

• Jet Tagging, PID, - BDT, CNN, GNN, PCN (CMS-DeepJet, ATLAS)
➢ B-tagging (identifying jets originating from b-quarks)
➢ Tau-jet : Lepton/photon vs. hadron separation
➢ Heavy-flavor jets (specific particle decays)
➢ Pion, kaon, proton identification, medium-like/vacuum-like jets

• Reconstruction – GNN, CNN, Self-Supervised (ML4ParticleFlow)
➢ Convert raw detector signals to physical variables (4 mom, vertex)
➢ Calibrating reconstructed energies in calorimeter
➢ Correcting measured momenta from tracking detectors

• Real-Time Trigger / Filtering system – CNN, RL, Q-learning
➢ Ultra-low latency classification of collision event / signals
➢ Implementing ML inference on specialized hardware (FPGAs)
➢ Online distillation reducing raw data flow from Terabytes/second to 

manageable levels

• Inference – cINN, flows
➢ Learn param of theory from high-d exp data – simulation based inference
➢ Inverse problem solving



(particle phy) Unsupervised Learning – Generative or Detection tasks

7

• Simulation – GAN, VAE, flow, Diffusion (CaloGAN)
➢ Fast simulation of collision events and detector responses.
➢ Use classical simulation or collider data as input, train surrogate
➢ 3D voxel image or Point Cloud
➢ Replace time-consuming full GEANT4 simulations to accelerate 

experimental analyses.

• Unfolding – GNN, CNN, Self-Supervised (ML4ParticleFlow)
➢ Recover theoretical-level physical distributions (e.g., transverse 

momentum) from detector-level data.
➢ Calibrating reconstructed energies in calorimeter
➢ Correct for detector effects such as resolution and efficiency.
➢ NN based direct unfolding, or Generative based probabilistic 

unfolding

• Anomaly Detection – Classifier, PCA, AutoEncoder,
➢ Detect physics phenomena beyond standard models.
➢ Search for rare events, such as dark matter signals or new 

resonances.
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• Quantifies precision in predictions
• Polyfit fails for central events!
• Similar precision for b>3 fm • Quantifies accuracy

 
• DL: -0.3 - 0.2 fm for 
  b = 2-14fm

• Polyfit fluctuating

• For realistic bdb distributed testing collision events         → 

• Fast online event selection ~ 1k events/s on 1 game GPU（RT2080）

Test results



Autocorrelation time and captured eff action

36

validation R2 ~0.96 



CNN to detect CME, and regress stochastic dynamics in HICs
2

9



Critical Endpoint from Holographic QCD via Bayesian Inference

24

L. Zhu, X. Chen, K. Zhou, H. Zhang, M, Huang, 
arXiv:2501.15810
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