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COMPLEX FLUIDS & COMPLEX FLOWS
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+ boundary conditions + initial conditions

small particles/colloidal aggregates:
Stokes drag, added mass, lift force, etc...
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1) MULTI-SCALE PHYSICS: BILLIONS OF DEGREES OF FREEDOM
2) ROUGH NON-DIFFERENTIABLE FIELDS 'U(CE —I_ T) o U(x) ~T
3) NON-GAUSSIAN STATISTICS
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Bentkamp, L, Cr C. Lalescu, and M. Wilczek.
"Nature communications 10.1 (2019): 1-8.
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EXTREME EVENTS

L.B. et al Particle trapping in three-dimensional fully developed turbulence
Physics of Fluids 17 (2), 021701 (2005)
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Exascale Deep Learning for Climate Analytics. Gordon Bell Award 2018 T. Kurth et al.
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Machine Learning for Earth System
Observation and Prediction

wasemg Boranita, Soesplla Seruco, Alberio Carass, Poipr Ducben, Alan | Geer,
Bertrand Le Saux, Modss Longéod, Pere-Philpee Mathieu, and Laure Ramaud

First ECMWF-ESA Worlcshap on Machine Leaming for Earth System Observation

and Pradiction
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1. MLTOOLS AUGMENTED BY PDEs SOLUTIONS: DATA ASSIMILATION, FLOW RECONSTRUCTION, INPAINTING, SUPER-RESOLUTION
2. PDEs MODELING AUGMENTED by ML: LARGE-EDDY-SIMULATIONS, MODEL REDUCTION, HOMOGENEIZATION

1. EQUATION-
INFORMED

2. PDE SOLVERS IN
THE LOOP




1. DATA ASSIMILATION, FLOW RECONSTRUCTION, INPAINTING, SUPER-RESOLUTION

EQUATION FREE
GENERATIVE-ADVERSARIAL-NETWORK
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NUDGING
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4096x4096x4096 collocoation points

EXTRACT 300K
2D FRAMES
AT 64X64
FOR TRAINING

AND VALIDATION
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3D TURBULENCE UNDER ROTATION




GENERATIVE ADVERSARIAL NETWORK: CONTEXT ENCODER

Reconstruction of turbulent data with deep generative models for
§ _”:I T semantic inpainting from TURB-Rot database
AL — — M. Buzzicotti, F. Bonaccorso, P. Clark Di Leoni, and L. B.
original » L Phys. Rev. Fluids 6, 050503 , May 2021
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[3] Deepak Pathak, Philipp Krahenbuhl, Jeif Donshue, Trevor Darrell, and Alexei A Efros. Context encoders: Feature
learning by inpainting. In Proceedings of the TEEE conference on computer vinon and palfern recognition, pages 2536—
2544, 2016,




NUDGING: AN EQUATION-INFORMED UNBIASED TOOL TO ASSIMILATE AND RECONSTRUCT TURBULENCE
DATA/PHYISICS BY ADDING A DRAG TERM AGAINST PARTIAL FIELD MEASUREMENTS /

EQUATIONS
BASED

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 Com
the Velocity Field. J. Math. Fluid Mech. 18(1), 1 (2016)

Patricio Clark Di Leoni, Andrea Mazzino, and L.B. Synchronization to Big Data: Nudging the Navier-Stokes Equations for Data Assimilation of Turbulent Flows
Phys. Rev. X 10, 011023 (2020)
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Navier-Stokes Informed Neural Networks
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PDE SOLVERS
FOR
AUGMENTED
DATA-
ASSIMILATIONS

ML-TRAINED ON A SPARSE SPATIO+TEMPORAL DATASET
FOR CONCENTRATION -> INFER VELOCITY + PRESSURE
-> BACK PROPAGATE FOR GRADIENTS (AUTOMATIC DIFFERENTIATION)->
NAVIER-STOKES

Hidden fluid mechanics: Learning velocity and pressure fields from flow visualizations. M. Raissi A. Yazdani, G. E. Karniadakis , Science 367, 1026-1030 (2020)



N
MSE =23 [e(e", ", ", #7) - f
n=1

MEAN L2 ERROR s | m
+3° 23 Jeem, a2

i=1"" m=l

SPATIAL RESOLUTION ~ops u > - * PDE SOLVERS
g 8 3 B . g 2 3 E 2 8 28 2 8 3 g g 28 8 8
TEMPORAL RESOL. : 831388823883 R3RPIRALFRARG 2 FOR
B Y i : AUGMENTED
S0 ] Al 1 307 J02 101 10y %l 11 %1 v 4] M Tk fi I I i I 13 | K| (¥ ] 13 | T r r 1 i ! i DATA-
. ASSIMILATIONS .
B o - -
{ ] L] '] o L |
1 R o i -
£ N T
| ol
L el
- ————— g 5 : i_."':
. . . g

B Seatial Diata Podny
¥ Time frames

=L U Y P

ML-TRAINED ON A SPARSE SPATIO+TEMPORAL DATASET
FOR CONCENTRATION -> INFER VELOCITY + PRESSURE
-> BACK PROPAGATE FOR GRADIENTS -> NAVIER-STOKES

Hidden fluid mechanics: Learning velocity and pressure fields from flow visualizations. M. Raissi A. Yazdani, G. E. Karniadakis, Science 367, 1026-1030 (2020)
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Physics-informed neural networks: A deep learning i
framework for solving forward and inverse problems invalving (==
nonlinear partial differential equations

M. Raissi®, B Perdilkaris ™, GE Karntadakis®
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Here, we should underline an important distinction between this Tine of work and existing approaches in the literature
that elaborate an the use of machine learning in computational physics. The term physics-informed machine learning has
been also recently used by Wang et al. |[17] in the context of turbulence modeling. Other examples of machine learning
apprnachﬂ fnr preclictwe mm:tellng af ph:.rﬁical systems tnE]LH:IE [13 iﬂ] All mese apprnacheﬁ empluy mau:hme ]earning al-

|1Etwnrk.-: mer::ly as bm::k—h:‘.-x I:fml.'L .ﬂs dE:qEI'LhEI:l ahwe. l:he pmpm:cd wnrk aims tn g-u ane .f.n:p furrher h:yr rewmt:ng the
construction of “customn” activation and loss functions that are tailored to the underlying differential operator. This allows
us to apen the black-hox by understanding and appreciating the key role played by automatic differentiation within the
deep learning field. Automatic differentiation in general, and the back-propagation algorithm in particular, is currently the
dominant approach for training deep models by taking their derivatives with respect to the parameters (e.g., weights and
biases) of the models, Here, we use the exact same automatic differentiation techniques, employed by the deep learning
::ﬂmmunnt:y' to |'J|‘I',y"‘il-l.‘-ﬁ inform n-:ural nerwnrkt by taI-:mg chew derivatives wlth rEﬂ:pe::t to their mput n:nnrdman:*; (Le., ipar:e

apprnach intreduces a mgu]armaﬂﬂn mﬁ:nanhm l:har aﬂ-:rm us m use relarlwly 'iln‘IPIE feed f-:-rwam neuml netwark archi-
tectures and train them with small amounts of data. The effectiveness of this simple idea may be related to the remarks




1. DATA ASSIMILATION, FLOW RECONSTRUCTION, INPAINTING, SUPER-RESOLUTION
2. LARGE-EDDY-SIMULATIONS, MODEL REDUCTION, HOMOGENEIZATION

INFORMED

PDE SOLVERS
THE LOOP
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ML for Fluid Mechanics. S. L. Brunton, B.R. Noack and P. Koumoultsakos Annu. Rev. Fluid Mech (2020)
52,477.TC 390
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Scale-Invariance and Turbulence Models for Large-Eddy Simulation. C. Meneveau and J. Katz.
Annu. Rev. Fluid Mech Vol. 32:1-32 (2000)




APRIORI SUPERVISED TRAINING

DATA DRIVEN

o EQUT\?I-ONS
0, Vo] - a h(ﬂ,vfﬁ,ﬁ)

COST: L(09) = /dt/deTtme(v,v) — 7(v,V1,0)||2

GRADIENT DESCENT: @y, 1 = 0}, — g L(0})

EASY: USUAL BACK
CALCULATION OgL(0) = 0, L(0] PROPAGATION (ML NATIVE) ->
GRADIENTS OF COST: : EXTREMELY FAST

” 1-step in time optimization -> no dynamics, no control of the impact on the PDE evolution/stability

See for a review: ML for Fluid Mechanics. S. L. Brunton, B.R. Noack and P. Koumoultsakos. Annu. Rev. Fluid Mech (2020) 52, 477. TC 390




APOSTERIORI SUPERVISED TRAINING .

B S @00 || | (ot + 5t)

SOLVER

WA
I.-- .l\.\ I
R N

REPEAT N-TIMES

L(0) = D[v(-), vg( / / dt||v(t) — ve(t)|]2
Gr{i"rl = f?,g — t_’}dgr Hgl - (}E]L 5 LE’J,}!

Oy + V(09 ® vg) = —Vpg + VT7(0,0) + vAvy



fal lme stepad  Time steg= 500 Time sbep = 1030 Time step = 1500 (bl Simulation time (]
- g 2 4 & B 10 12
7 | 10 L y
. e
ko
¥ .
i r
o 0.8 = 10°
2 M8 -
= 5 2
L] g
= 0.5 - E
" ¥ O =3
7 i~ | . )
Sl a et =
= = w04 "
3 5 \ g
D% G4 » B4 ;
> DS 128 = 128 g 10
0.2 o = D5 256 % 236 =
i 5 — D5 512 % 512 g
i — 05 1024 = 1024
s —— D5 204B x 2048
1 g4 == LEdx64 100 - T
b . . ' /
T ] 00 1000 1500 2000 1 10 ¢1a)
Ll Time step Wavenumber k

Machine learning accelerated computational fluid dynamics. arXiv:2102.01010v1 [physics.flu-dyn] Jan 2021.
D. Kochkov, J. A. Smith, A. Alieva, Q. Wang, M. P. Brenner, and S. Hoyer

Numerical method for solving the underlying PDEs as a differentiable program, with the neural networks and the
numerical method written in a framework (JAX ) supporting reverse-mode automatic differentiation. This allows for
end-to-end gradient based optimization, of the entire algorithm (NSE included)

Automatic Differentiation in Machine Learning: a Survey. Baydin et al. arXiv:1502.05767v4 [cs.SC] 2018
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Machine learning accelerated computational fluid dynamics. arXiv:2102.01010v1 [physics.flu-dyn] Jan 2021.
D. Kochkov, J. A. Smith, A. Alieva, Q. Wang, M. P. Brenner, and S. Hoyer

GROUND TRUTH: 2D TURBULENCE 2048x2048 VU|pos, = Z av;; o= (-1,0,1)
ERROR OF LEARNED INTERPOLATIONS AT 64x64 IS i
EQUIVALENT TO STANDARD DISCRETIZATION AT 512x512

GAIN X8 FOR A GIVEN ERROR TOLERANCE ; — Oy (“U, V‘U, 9)



APOSTERIORI SUPERVISED TRAINING

PDE SOLVERS
IN THE LOOP
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Embedded training of neural-network sub-grid-scale turbulence models J. F. MacArt, J. Sirignano, and J. B. Freund. May 2021
arXiv:2105.01030v1



3D JET DNS: 1024x1280x768 LES 64x80x48 COLLOCATION POINTS

Embedded training of neural-network sub-grid-scale turbulence models Jonathan F. MacArt, Justin Sirignano, and Jonathan B. Freund. May 2021 arXiv:2105.01030v1
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Figure B: Single jet (case A) In-snmple comparison for bearning (ML) and dynamies Smagorinsky (D5) models: () mean
Aireamwise velocily B &l f = ﬁ?.’ur}.. and (b)) hall-width g 5 ewalotion for the indicated Hlier aios. The dinscl numerical
simulation data are included for comparison.
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Figure 3: Our PDE scenarios cover a wide range of behavior including (a) vortex shedding, (b)
complex buoyancy effects, and (¢) advection-diffusion systems. Shown are different time steps (l.t.r.)
in terms of vorticity for (a), transported density for (b), and angle of velocity direction for (c).

2) Solver-in-the-Loop: Learning from Differentiable Physics to Interact with Iterative PDE-Solvers.
K, Um, R. Brand, Y. R. Fei, P. Holl. N Thuereyar Xiv:2007.00016v2 Jan 2021

v +Vvxv)=-Vp+V7(v,V0,0)+ vAv
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Figure 4: (a)-(e) Numerical approximation error w.r.t. reference solution for unaltered simulations
(SRC) and with learned corrections. The models trained with differentiable physics and look-ahead
achieve significant gains over the other models. (f,g) Relative improvement over varying look-ahead
horizons. (h) A frequency-based evaluation for the unsteady wake flow scenario.

2) Solver-in-the-Loop: Learning from Differentiable Physics to Interact with Iterative PDE-Solvers.

K, Um, R. Brand, Y. R. Fei, P. Holl. N Thuereyar Xiv:2007.00016v2 Jan 2021



ARE WE CLOSE TO Al SUPREMACY IN FLUID DYNAMICS?

- WE HAVE NEW TOOLS IN THE BOX
- NEW APPLICATIONS FOR PDEs SOLVERS AUGMENTED BY MACHINE LEARNING
- NEW APPLICATIONS FOR MACHINE LEARNING AUGMENTED BY PDEs

BUT

- RATE OF PUBLICATIONS IN THE DOMAIN >> RATE OF READING/PEER REVIEWING -> DANGER OF INFLATIONARY

ERA

- HUNDREDS OF PAPERS IN THE ARXIVES CITED BY HUNDREDS OF OTHER PAPERS WITHOUT CHECK ON THE
RESULTS, NOT EVEN WRONG!

- NEED FOR QUANTITATIVE Al: SCALING, VALIDATION, BENCHMARKS, GENERALISATION, GRAND-CHALLENGES TO
ESTABLISH BEST-PRACTISE

- NEED FOR PHYSICAL DIMENSIONALISATION: NETWORK STRUCTURE VS PHYSICAL PARAMETERS (deepness,
structure, coding, # training data vs Reynolds, Rayleigh, Time-to-solution, Mach, Mass fraction etc...)

- NEED FOR INTERDISCIPLINARY COLLABORATIONS: APPLIED SCIENTISTS (FOR THE GOOD QUESTIONS)
+ Al SPECIALISTS (TO OPEN THE BOX) + NUMERICAL SCIENTISTS (FOR THE GOOD DATA)

LORENZ96

2021-2026 AdG GRANT Smart-TURB
A Physics-Informed Machine-Learning Platform Smar Lagrangian Harmess and Control of TURBulence
biferale@romaz.infn.il biferalef@gmail. com
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