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Generative AI 
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Often use NN to parametrize transformation



Why GenAI matters for – high-dim distribution problems
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Lattice QFT 

critical slowing down

topological freezing

HIC Simulation

Multi-stage EbE slow

Fluctuations/correlations

Inverse Inference

Recover physics from noisy data

Calibration and uncertainty

Bottlenecks differ, but all revolve around high-dimensional probability measures.



GenAI - Transport between probability measures
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𝑥1 = 𝑇𝜃 𝑥0



Learning from : Samples or Unnormalized Target
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Variational principle for data-less GenAI
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Gibbs–Bogoliubov–Feynman principle; 
Feynman, Phys. Rev. 97 (1955) 660; 
Wu et al., PRL 122 (2019) 080602.



Given Hamiltonian/Action – Variational Free Energy

6

⚫ Reverse KL divergence

⚫ Autoregressive

                                                                                                                             D. Wu, Lei Wang and P. Zhang, PRL122,080602(2019)

⚫ Continuous Autoregressive for XY model
                                                                                                                   L. Wang, Y. Jiang, L. He, K. Zhou, CPL 39, 120502 (2022)

  



Flow based GenAI – trivializing change of variables
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S. Chen, O. Savchuk, S. Z, B. C, H. S, L. W, K. Zhou, 

PRD107, 056001(2023)

Fourier Flow Model 

Lüscher, 0907.5491; 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)



Data-driven GenAI – early proof of principle for lQFT/many-body physics
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K. Zhou, G. Endrődi, L.-G. Pang, and H. Stöcker 
PRD 100, 011501 (2019)

L. Wang, L. He, Y. Jiang, K. Zhou, 
Chin. Phys. Lett. 39 (2022) 12, 120502

T. Xu, L. Wang, L. He, K. Zhou, Y. Jiang, 
Chin. Phys. C 48 (2024) 10, 103101



Diffusion Model

“A heavy quark move inside quark-gluon plasma”



Diffusion Model meets lattice QFT
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L. Wang, G. Aarts, K. Zhou, JHEP 05 (2024) 060

L. Wang, G. Aarts, K. Zhou, 2311.03578 (NeurIPS 2023 workshop “ML & Physical Sciences”)

G. A, D. E. H, L. W, K. Zhou, 2410:21212 (NeurIPS 2024 workshop “ML & Physical Sciences) → “Best Physics for AI Paper” Award 

Q. Zhu, G. Aarts, W. Wang, K. Zhou, L. Wang, JHEP 2026, 

G. Aarts, D.E.H, L.W, K. Zhou, MLST 6(2025)025004, 2510.01328

S. Chen, M. Qian, G. Aarts, B. Lucini, K. Zhou, JHEP 2026, 2606.13790 (training without HMC data preparation)



Diffusion Model as Stochastic Quantization
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⚫ Forward diffusion SDE

⚫ Backward diffusion SDE

⚫ Score matching Training

⚫ DM generation SDE and Stochastic Quantization

L. Wang, G. Arts, K. Zhou, JHEP 05(2024) 060

⚫ A flow of effective action will be learned in DMs
 sampling from DM is    optimizing a stochastic trajectory to approach the “equilibrium state”



DM Relation to (inverse) RG
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⚫ Forward diffusion kernel: gaussian smoothing

⚫ In Fourier space: 

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

With decreasing cut scale because of the gradually increasing noise level !

In FRG, the high frequency (short-distance) degrees of freedom 

is progressively integrated out !
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Higher order cumulants 
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Stochastic Path Sampler without HMC data

13S. Chen, M. Qian, B. Lucini, G. Aarts, K. Zhou, 2606.13790 （JHEP accepted）

Possible IMH on the path:



GenAI – flow PDEs

2114



GenAI – flow PDEs
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Physics-informed Kernels for lattice Generative models
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Ihssen, Kapust, Pawlowski, arXiv:2510.26678.



Stochastic path optimization for prescribed physical path
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To follow a specific physical path, one can set it 

via stochastic path consistency by constraining 

the relationship between forward and backward 

drifts → 

A constrained stochastic path objective becomes 

a variational route to Wegner transport equation 

R.Thakkar, K. Zhou, et.al,

to appear soon

 Preliminary 
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GenAI for HIC physics bottleneck – Inference Loop 
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Generative diffusion model to heavy-ion collisions

Phys.Rev.C 112 (2025) 5, L051903

19



Point Cloud Diffusion Model for HICs – AI clone of simulation

20

PointNet encoder + Normalizing flow decoder + Pointcloud diffusion → 

Latent encoding 
of event features, 
correlations

O  18k UrQMD simulation events for central 

      Au-Au@10 AGeV collisions

O  HEIDi: 

     Heavy-ion Events through Intelligent Diffusion

M. O.K, K. Zhou, J. S, H. S, PRC 112 (2025), L051902；  PRC 112 (2025), 054907



Point Cloud Diffusion Model for HICs – AI clone of simulation

20

PointNet encoder + Normalizing flow decoder + Pointcloud diffusion → 

O  18k UrQMD simulation events for central 

      Au-Au@10 AGeV collisions

O  HEIDi: 

     Heavy-ion Events through Intelligent Diffusion

Latent encoding 
of event features, 
correlations

O  Running time of UrQMD simulation

       cascade :          ~ 3 sec/event; 

       with potential :   ~ 3 min/event;

       hybrid :              ~ 1 hour/event

O  HEIDI on A100: ~ 30 ms/event

O  Speedup 2 ~ 5 orders of magnitude

M. O.K, K. Zhou, J. S, H. S, PRC 112 (2025), L051902；  PRC 112 (2025), 054907



Inverse Inference – GenAI as a posterior engine
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6
Inference on nuclear structure in HICs

J. Tao, Y. Liu, Y. Sha, X. Fan, Y. Tu, K. Zhou, 

H. Zheng, B. Zhang, arXiv: 2603.24088



Summary
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