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The formal definition of the forward process in 𝑇 steps: 

Forward Diffusion Process
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Gaussian 
Convolution

What happens to a distribution in the 
forward diffusion? 
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  Sample: 

  Iterate:                                         , untill 
<latexit sha1_base64="AOcBlxZIJ/OtHTNIschUYiG3LUo="></latexit>

t = 1

True 
Denoise

Intractable!

Backward Process (Generative)

Backward Diffusion Process
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Can we approximate                                         ? 

Backward Process (Generative)

Approx. Backward Diffusion Process
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Trainable network (U-net, Denoising 
Autoencoder) 

Approx. Backward Diffusion Process



Variational upper bound 

Learning the Backward Diffusion Process
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During training, the optimization  involves 
minimizing the cross entropy between the 

ground truth distribution and the likelihood of 
the generated data

Sohl-Dickstein et al. ICML 2015 (Appendix B for all details) show that: 
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For training, we can form variational upper bound that is commonly used for training variational 
autoencoders: 
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KULLBACK-LEIBLER Divergence

For training, we can form variational upper bound that is commonly used for training variational 
autoencoders: 
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      is the tractable posterior distribution: 
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Sohl-Dickstein et al. ICML 2015 (Appendix B for all details) show that: 
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During training, the optimization  involves 
minimizing the cross entropy between the 

ground truth distribution and the likelihood of 
the generated data
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Sohl-Dickstein et al. ICML 2015 (Appendix B for all details) show that: 
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We need to evaluate the KL-Divergence between two Gaussians!

We end up with the following Loss function:
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Learning the Backward Diffusion Process

Ho et al. NeurIPS 2020 observed that: 

They propose to reparametrize the denoising model using a noise-prediction network: 

Recalling the properties of the forward process:
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Recap [Main steps]

1) Backward step approximation                                         

2) Optimization of the cross entropy                                          
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3) Variational Upper Bound 

4) Reparametrization of the Loss
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In Action
(Model Training and Sample Generation)
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STOCHASTIC MODELS FOR LAGRANGIAN TURBULENCE: WHY?

GENERATION OF LARGE SYNTHETIC  DATA-BASE FOR 
(I) RANKING OF  PHYSICS FEATURES
(II) TESTING DOWNSTREAM APPLICATIONS/MODELS

DATA ASSIMILATION/INPAINTING FROM MISSING 
FIELD/EXPERIMENTAL OBSERVATION 

CLASSIFICATION/INFERRAL OF MISSING/INTERNAL
PROPERTIES: 
(I) INERTIA
(II) SHAPE
(III) ACTIVE DEGREES OF FREEDOM 
(IV) ….
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LAGRANGIAN STRUCTURE FUNCTIONS GENERALIZED FLATNESS



ACCELERATION PDF

SLIGTHLY SMALLER EFFECTIVE REYNOLDS NUMBER



FLATNESS

2ND STRUCTURE 
FUNCTION

PDF
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WHAT WE HAVE:

- QUICK STOCHASTIC TOOL TO GENERATE REALISTIC 3D TRAJECTORIES OF TRACERS IN 
HOMOGENEOUS AND ISOTROPIC TURBULENCE, EASY TO GENERALISE FOR DIFFERENT 

APPLICATIONS

- IMPRESSIVE QUANTITATIVE AGREEMENT WITH MULTI-SCALE STATISTICAL PROPERTIES

WHAT WE MISS:

- UNDERSTADING OF ROBUSTNESS IN GENERALISING OUT-OF-SAMPLE:
EXTREME EVENTS, DIFFERENT REYNOLDS NUMBERS, DIFFERENT PARTICLES’ PROPERTIES

-  UNDERSTANDING SCALING PROPERTIES FOR TIME-TO-SOLUTION AT CHANGING IN-
SAMPLE PROPERTIES, I.E. AT CHANGING DIMENSION  OF THE TRAINING DATASET, 
SETS OF HYPER-PARAMETERS,  CNN ARCHITECTURES: GAN, DM,  TRANSFORMERS

-WHAT-IF QUESTIONS: EXPLICABILITY OF THE GENERATED DATA, FEATURES RANKINGS,
PHYSICS DISCOVERY
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