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Generative AI using diffusion models
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https://encord.com/blog/diffusion-models/

create new images (or configurations) by learning from existing data sets (or ensembles)

https://encord.com/blog/diffusion-models/


Diffusion models: prior and target distributions

o   in pictures: 𝑝! is target (non-trivial), 𝑝" is the prior (easy)
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Diffusion model for 2d 𝜙! scalar theory

o   apply approach to lattice field theory, ambition is to improve upon standard (MC) methods
o   32# lattice, parameters in symmetric and broken phase
o   training data set generated
      using Hybrid Monte Carlo (HMC)

generating configurations:
o   broken phase
o   “denoising” (backward process) 
o   large-scale clusters emerge, as expected

τ = 0 τ = 0.25 τ = 0.5 τ = 0.75 τ = 1
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Diffusion models: stochastic dynamics
o   forward process

o   backward process

two main schemes
o   variance-expanding (VE): no drift
o   variance-preserving (VP) or denoising diffusion probabilistic models (DDPMs):
           linear drift

o   dynamics very familiar to physicists!
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score

noise profile



Diffusion models and stochastic quantisation

o   diffusion models as an alternative approach to stochastic quantisation

configurations

theory:

e.g. HMC

configurations
stochastic quantisation

diffusion model, forward process

diffusion model, 
backward process
“denoising”

random 
configurations
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Analytical understanding: solve forward process

o   forward process

o   initial data from target ensemble

o   solution

o   second moment/cumulant/variance

o   higher cumulants
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Generating functionals for diffusion models

o   moment generating

o   cumulant generating

o   higher-order cumulants

o   correlations are being destroyed/overwhelmed and retrieved

full path integral 
with sources

variance
preserving

variance 
expanding

Mach.Learn.Sci.Tech. 6 (2025) 2, 025004 [arXiv:2410.21212 [hep-lat]]
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https://arxiv.org/abs/2410.21212


4th, 6th, 8th cumulant with drift (DDPM)
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correlations are being destroyed and retrieved



Incorporate (new/old) ideas in DM dynamics

o   thermalisation: score is time dependent, system never thermalises (annealing)

o   exactness: include an accept/reject step, Metropolis adjusted Langevin algorithm (MALA)

o   train at one set of parameters, apply trained model at different set (physics-conditioning)

o   apply to 2D U(1) gauge theory

102502.05504 [hep-lat]

https://arxiv.org/abs/2502.05504


Annealing

o   score (drift or force in Langevin 
      equation) is time dependent

o   system never thermalises

o   allow for additional steps at fixed score

à annealing

o   strictly speaking not needed, but seems useful
11



Metropolis-adjusted Langevin algorithm (MALA)

o   include an accept/reject step: well-known in Langevin dynamics *

o   include ratio of target distributions
o   and ratios of transition amplitudes
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* G.O. Roberts and J.S. Rosenthal, Optimal scaling of discrete approximations to Langevin diffusions, 
Journal of the Royal Statistical Society: Series B (Statistical Methodology) 60 (1998) 255



Physics conditioning

o   train using data generated at 𝛽!

o   employ at different 𝛽 values

o   applied to U(1) gauge theory: action scales with 𝛽

motivated by stochastic quantisation:

o   drift is proportional to 𝛽 
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Two-dimensional U(1) gauge theory

o   training: 30k configurations at 𝛽 = 1 on 16" obtained using HMC
o   generating: 1024 configs at 𝛽 = 1, 3, 5, 7, 9, 11 on 8", 16", 32"

141x1 Wilson loop topological charge

𝛽 = 1	
𝐿 = 16



Two-dimensional U(1) gauge theory

o   training: 30k configurations at 𝛽 = 1 on 16" obtained using HMC
o   generating: 1024 configs at at 𝛽 = 1, 3, 5, 7, 9, 11 on 8", 16", 32"	

   

151x1 Wilson loop topological charge

diffusion model 
trained at 𝛽 = 1	
but employed 
at 𝛽 = 7

HMC suffers from 
topological freezing

𝛽 = 7	
𝐿 = 16



Two-dimensional U(1) gauge theory

in all cases:

diffusion model 
trained at 
𝛽 = 1, 𝐿 = 16	

but employed 
at different 
𝛽’s and 𝐿’s

Wilson loop is fine

top. susceptibility 
unfreezes 



o   physics-conditioning: train on one volume at one coupling
o   generate new ensembles at different volumes and couplings
o   works well for local observables
o   topological charge seems to unfreeze too much
o   more freedom to explore in algorithm

application to complex Langevin dynamics
o   data sampled but distribution unknown 
o   learned distribution from CL data using DM
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Diffusion models and LFT

D Habibi, GA, L Wang, K Zhou, Lattice 2024 2412.01919 [hep-lat]

https://arxiv.org/abs/2412.01919


Summary and outlook
diffusion models
o   offer a new approach for ensemble generation to explore in LFT
o   learn from data: requires high-quality ensembles
o   close relation to stochastic quantisation
o   many directions to improve algorithms for use in LFT: exact/reject, annealing, …

in progress
o   apply to data generated using complex Langevin dynamics 
o   fermionic models
o   ….
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