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WHY?
FEATURES RANKING: QUALITY AND QUANTITY OF DATA

WHICH FEATURES YOU NEED TO SUPPLY FOR OPTIMAL CLASSIFICATION AND/OR DATA-ASSIMILATION?
-> A WAY TO LEARN ABOUT THE UNDERLYING PHYSICS.

-ISIT BETTER TO INPUT SPATIAL OR TEMPORAL DATA?

- HOW MANY DATA/VARIABLES YOU NEED TO SUPPLY FOR PERFECT RECONSTRUCTION (SYNCHRONIZATION-TO-DATA)?
- CAN YOU GUESS VELOCITY FIELDS BY MEASURING ONLY TEMPERATURE AND/OR VICEVERSA?

-ISIT BETTER TO PROVIDE INFORMATION FROM BOUNDARIES OR BULK?

- FROM LARGE OR SMALL SCALES?

- DO WE NEED TO KNOW THE EQUATIONS?

- HOW TO COMPARE EQUATIONS-BASED AND EQUATIONS-FREE MODELS?




WHY?
FEATURES RANKING: QUALITY AND QUANTITY OF DATA

GROUND TRUTH

1‘

RECONSTRUCTED

»
’
#

2D RB CONVECTION, LBM +
LAGRANGIAN PROBE ADVECTION .
o — = - -

(COURTESY OF L. AGASTHYA)




SHORT VISUAL RECAP

FEATURES RANKING:
QUALITY AND QUANTITY OF DATA

(NASA/Goddard Space Fllght Center SC|ent|f|c V|suaI|zat|on Studio)
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Vortices within vortices:

hierarchical nature of vortex tubes in turbulence

MULTI-SCALE PHYSICS

BILLION OF DEGREES OF FREEDOM
ROUGH NON-DIFFERENTIABLE FIELDS
(HOLDER CONTINUOS ONLY)
NON-GAUSSIAN STATISTICS
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EULERIAN 2D GAPPY DATA

CORRUPTED IMAGES | GROUND TRUTH

DETAILS vs CONTEXT ?
SMALL vs LARGE SCALES?

Reconstruction of turbulent data with deep generative models for semantic
inpainting from TURB-Rot database

M. Buzzicotti', F. Bonaccorso'?, P. Clark Di Leoni®, L. Biferale!

Submitted to Physical Review Fluids, arXiv:2006.09179v1
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DURING TRAINING
80K 64x64 images of 3 velocity components for training
20K 64x64 images of 3 velocity components for validation
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6 DATA ASSIMILATION EXPERIMENTS FOR 2D TURBULENT IMAGES WITH A CONTEXT ENCODER
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FEATURES RANKING: VORTICY DATA ASSIMILATION AT CHANGING INPUT CHANNELS AND COSTS
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NUDGING: AN EQUATION-INFORMED UNBIASED TOOL TO ASSIMILATE AND RECONSTRUCT TURBULENCE
DATA/PHYISICS BY ADDING A DRAG TERM AGAINST PARTIAL FIELD MEASUREMENTS

OV +V-0xV+ Ok P — VAV =2v X Q + Sv + agzT +

81; v —_— U C.C. Lalescu, C. Meneveau and G.L. Eyink. Synchronization of Chaos in Fully Developed Turbulence. Phys. Rev. Lett. 110, 084102 (2013)
A. Farhat, E. Lunasin, and E.S. Titi. Abridged Continuous Data Assimilation for the 2d Navier-Stokes Equations

Utilizing Measurements of Only One Component of the Velocity Field. J. Math. Fluid Mech. 18(1), 1 (2016)
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Patricio Clark Di Leoni, Andrea Mazzino, and Luca Biferale. Synchronization to Big Data: Nudging the Navier-Stokes
Equations for Data Assimilation of Turbulent Flows. Physical Heview X, 10(1):011023, February 2020. Publisher: Amer-
ican Physical Society.
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-EQUATION-FREE

GENERATION OF MISSING DATA ONLY
+ONCE TRAINED -> INSTANTANEOUS
+MIXED INPUT FEATURES

CONTEXT ENCODER 2
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PRETRAINED CNN-GAN

-EQUATION-FREE

GENERATION OF FRAME & MISSING DATA
-NEW MINIMIZATION FOR EACH DA
+MIXED INPUT FEATURES

NUDGING

IH=CRIMIN AT () VAV -0Vt OxP VAV =2vx Q+Sv+agzl’ +F — N(vy — V)
8tT+v6xT—XAT: GU,, +£_NT(TN —T)
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GENERATION OF FRAME & MISSING DATA
-NEW 3D DNS FOR EACH DA

-RESTRICTED INPUT FEATURES



Optimal control of point-to-point navigation in turbulent Flows using Reinforcement
Learning

Luca Biferale & Michele Buzzicotti
Dept. Physics, INFN & CAST
University of Rome "Tor Vergata’
biferale @ roma2.infn.it
michele.buzzicottiGroma2.infn.it
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Zermelo's problem: Optimal point-to-point navigation in 2D turbulent flows

using Reinforcement Learning

L. Biferale,! F, Banaccorsa, ™ M Buzzicotti,* P, Clark Di Leoni,* and K. Gustavsson® Chaos: An Interdisciplinary Journal of Nonlinear Science
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29.10 (2019): 103138.
arXiv preprint:1907.08591

Xt = H(Xf) -+ Uﬂtﬂ [—XT)
U (X;) = Ven(X})

n(X;) = (cos[f], sin[6;]),

Alageshan, J. K., Verma, A. K., Bec, J., & Pandit, R. (2020).
Machine learning strategies for path-planning microswimmers
in turbulent flows. Physical Review E, 101(4), 043110.

E. Zermelo, “Uber das navigationsproblem bei rubender oder
verdnderlicher windverteilung,” FZAMM-Journal of Applied
Mathematics and Mechanics/Zeitschrift fur Angewandte Mathe-
matik und Mechanik 11, 114-124 (1931).

A. E. Bryson and Y. Ho, Applied apiimal control: aplirmization,
estimation and control (New York: Routledge, 1975).




Reinforcement Learning; Policy Gradient Methods The drifter
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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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EQUATION-FREE VS EQUATION-INFORMED MODELS TO CLASSIFY, ASSIMILATE OR NAVIGATE TURBULENT DATA
BOTH UNBIASED (NO NEED TO KNOW THE PRIOR DISTRIBUTION)
PROBING QUALITY AND QUANTITY OF INFORMATION

SUPPLY AN ‘AUGMENTED REALITY” FLOW REPRESENTATION OUT OF A SET OF ROUGH MEASUREMENTS (GEO OR BIO DATA)

(1) Reconstruction of turbulent data with deep generative models for semantic inpainting from TURB-Rot database. M. Buzzicotti, F. Bonaccorso, P. Clark di Leoni, L.B. submitted to
Physical Review Fluids (2020) arXiv:2006.09179v1

(2) Inferring flow parameters and turbulent configuration with physics-informed data-assimilation and spectral nudging. P. Clark Di Leoni, A. Mazzino, L.B. Phys. Rev. Fluids 3,
104604, 2018
(2) Synchronization to big-data: nudging the Navier-Stokes equations for data assimilation of turbulent flows. P. Clark Di Leoni, A. Mazzino, L.B. PRX in press 2020, arXiv:1905.05860

(3) Zermelo's problem: Optimal point-to-point navigation in 2D turbulent flows using Reinforcement Learning. L.B., F. Bonaccorso, M. Buzzicotti, PC Di Leoni, K Gustavsson Chaos 29,
103138, 2019

(4) Smart Inertial Particles. S. Colabrese, K. Gustavsson, A. Celani, L.B. Physical Review Fluids 3 (8), 084301, 2018
(5) Flow navigation by smart microswimmers via reinforcement learning. S. Colabrese, K. Gustavsson, A. Celani, L.B. Physical Review Letters 118 (15), 158004, 2017

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