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tor tracer particles

x V(t) = X(t) _ u(X (t), t) Evolution equation

8tu = (11 : V)u — _Vp - éAU = i Navier-Stokes
V-u=0 Has



STOCHASTIC MODELS FOR LAGRANGIAN TURBULENCE:

WHY?

T.Li, LB, F. Bonaccorso, M. Scarpolini, M. Buzzicotti.
Synthetic Lagrangian Turbulence by Generative Diffusion Models.
arXiv:2307.08529 (2023) — Nature Machine Intelligence APRIL 2024

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

DATA ASSIMILATION/INPAINTING FROM MISSING
FIELD/EXPERIMENTAL OBERVATION

CLASSIFICATION/INFERRAL OF MISSING/INTERNAL
PROPERTIES:

() INERTIA

() SHAPE

(1) ACTIVE DEGREES OF FREEDOM

(1v)
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Universal Intermittent Properties of Particle Trajectories in Highly Turbulent Flows
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Diffusion Models

Training set: a set of images a*' € RV p=1,..,P
N is the dimension of the data, P their number

Langevin equation for an Ornstein-Uhlenbeck process

dx L
E = —T + ’I](t) <’I]i(t)’l}j (t’)) = 2T5,]5(t B t’)
L =) =waP It transforms the data in iid Gaussian NV (0, 1) at t>>1
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Score function provides the force field to go back in time
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G. BIROLI 2023 - Generative Al and Diffusion Models: a Statistical Physics Analysis —Stat. Phys for Machine Learning Workshop




Diffusion Models

‘Synthetica Lagrangian Turbulence: all you need is Diffusion Models’ T. Li, L.B, F. Bonaccorso, M. Scarpolini
and M. Buzzicotti (arXiv:2307.08529 2023, submitted Nature Machine Intelligence)
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Sohl-Dickstein et al., Deep Unsupervised Learning using Nonequilibrium Thermodynamics, ICML 2015

Ho et al., Denoising Diffusion Probabilistic Models, NeurlPS 2020

Song et al., Score-Based Generative Modeling through Stochastic Differential Equations, ICLR 2021
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LAGRANGIAN STRUCTURE FUNCTIONS GENERALIZED FLATNESS
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Zermelo’s problem: Optimal point-to-point navigation in 2D turbulent flows

using Reinforcement Learning

L. Biferale,’ F. Bonaccorso,>2 M. Buzzicotti,® P. Clark Di Leoni,*? and K. Gustavsson® Chaos: An Interdisciplinary Journal of Nonlinear Science
29.10 (2019): 103138.

arXiv preprint:1907.08591

Xt — 'U;(Xf) + UCtTl (Xf)

Uct'rl (Xf) - V:.,'n(Xt)

n(X;) = (cos[f], sin[B;]),

E. Zermelo, “Uber das navigationsproblem bei ruhender oder
veranderlicher windverteilung,” ZAMM-Journal of Applied
Mathematics and Mechanics/Zeitschrift fiir Angewandte Mathe-

vglggity of the matik und Mechanik 11, 114-124 (1931).

underling flow! A. E. Bryson and Y. Ho, Applied optimal control: optimization,

estimation and control (New York: Routledge, 1975).



Reinforcement Learning; Policy Gradient Methods
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TIME-DEPENDENT 2D TURBULENT FLOWS

Comparison with a Trivial Policy (TP)
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Time-Dependent 2D Turbulent Flow
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COMPARISON RL VS OPTIMAL NAVIGATION

A. E. Bryson and Y. Ho, Applied optimal control: optimization, estimation and control (New York: Routledge, 1975).
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-WHAT-IF QUESTIONS: EXPLICABILITY OF THE GENERATED DATA, FEATURES RANKINGS,

PHYSICS DISCOVERY \

Wavelet Score-Based Generative Modeling

Florentin Guth Simon Coste
Computer Science Department, Computer Science Department,
ENS, CNRS, PSL University ENS, CNRS, PSL University

Valentin De Bortoli Stéphane Mallat
Computer Science Department, College de France, Paris, France
ENS, CNRS, PSL University Flatiron Institute, New York, USA

arxive 2208.05003




WE HAVE NEW TOOLS IN THE BOX!

OPEN ISSUES:
0. EXPLENABILITY. VERY FAR, AT THE MOMENT. COMPUTO ERGO SUM?
1. PROOF-OF-CONCEPTS STAGE. VERY FEW NEW DISCOVERIES/FAR FROM FRONTIER RESEARCH
2. GENERALIZABILITY/ROBUSTNESS. CHANGE ANYTHING, CHANGES EVERYTHING?
3. SCALABILITY. VS NETWORK ARCHITECTURE AND VS CONTROL PHYSICAL PARAMETERS

4. UNCERTAINTY QUANTIFICATION/TRUSTABILITY

WHAT WE MISS:

1. COMMUNITY EFFORT TO:
* (A) DEPLOY AND MAINTAIN HIGH QUALITY AND HIGH QUANTITY DATA (OPEN)
e (B) IDENTIFY BENCHMARKS, VALIDATION STEPS, BASELINES
* (C) IDENTIFY GRAND CHALLENGES



Smart-Turb

S Datasets ~ % Organizations ~ & Help ~

What is Smart-TURB? It is a brand new software infrastructure (born June 2020) for
the research community working on turbulence and complex fl~ws with particular
emphasis to collect/standardize and preserve huge datase iq-data and
Machine Learning approaches to fluid mechanics in geners i
particular. It is an easily accessible web platform for high qusg
is to host, standardize and manage a Ilarge collecti

TURB-ROT. A LARGE DATABASE OF 3D AND 2D SNAPSHOTS

FROM TURBULENT ROTATING FLOWS

rimental and numerical data sets from high-end fluid a
ies and High Performance Computational centers. Sma
ble performances when accessing/uploading/searching data.

A PREPRINT

L. Biferale F. Bonaccorso
Center for Life Nano Science@La Sapienza
Istituto Italiano di Tecnologia and INFN
University of Rome Tor Vergata, Italy.
fabio.bonaccorso@roma2. infn. it

Dept. Physics and INFN
University of Rome Tor Vergata, Italy, and IIC-Paris, France
biferale@roma2.infn.it

M. Buzzicotti
Dept. Physics and INFN
University of Rome Tor Vergata, Italy.
michele.buzzicottilroma2. infn. it

P. Clark Di Leoni
Department of Mechanical Engineering,
Johns Hopkins University, Baltimore, USA.
pato@jhu. edu

munity is asked to contribute, by deploying freely downloadable, accurate &
mented dataset for the sake of “reproducibility”: The process of documenting
edures and archiving data so that others can fully reproduce scientific results.
se contact the administrator for infos about how to upload your dataset. We
by deploying a first dataset made of 2d and 3d turbulent configurations under
on TURB-Rot. More will come.

TURB-Rot

A large database of 3d and 2d
snapshots from turbulent rotating

Search for datasets Q

-1

Datasets

- ‘ web_admin 1
web_admin group member



https://smart-turb.roma2.infn.it/
https://smart-turb.roma2.infn.it/

THANK YOU

If you are interested to /working in Al
applications to fluid dynamics
participate to the questionnaire —->

The idea is to survey some information on the subject from
the community and present / discuss the results in a
JFM Perspective paper

with L. Biferale & M. Buzzicotti

LINK TO THE QUESTIONNAIRE

https://forms.gle/{1ubGQQ8V2S9UwijP8

QR CODE TO REACH THE QUESTIONNAIRE



