ASD Y
S MG o

Bridging Physiqs,, : "and " Lea f_‘ ) __
application to ocean dynamics

R. Fablet et al. . T e Y
= O 5 o’ » v n‘l'k,'"’)'l‘f)"' \' o'
ronan.fablet@imt-atlantique.fr s bt YR T

web: rfablet.github.io . :
@D r e r& /4" X :\ e
AP rONII O T NN ’,';’,’;, 7
A WL IS ATk
; o f:ﬁj:(%x-)/;}fl,_>"l~,:()llx’, J ,éeél()l g
SR T LA L™ i 10 10 1007 T :
< ./d DL n:;{_/.;‘()/,‘;lwﬂ e 10101010

P TR
2 ) o) gklwwmrm 01070 TOI0

QTN O 7 Q10 10707 ey
PTG RWIOTOVOO ] I T T0 7O I

- 5 LAY ‘..’ 1000

O Bl MM 151195141571 969816813

@STICC R, AL - OT0707007T177070101010100¢
Bretagne-Paysld:Ia Loire - ~ y e S ‘ /() ,{} /(-)c’/ ’ ’ ’c7/(),0, , /()’ a?

/(} - D' ,7 ;{;i?(/!f/c?/ozo/ooa(J/alo 7O27 77 /(7/0/()(/)(,) ;0;,

s )/0,”)/00/ 4 10/00/1)z///()/a/()/.wo/m

e - - T Ve Ve

Webinar IMT Data & Al, July 2020

aaiv

Ecole Mines-Télécom



http://imt-atlantique.fr

v } " T ~
g ~ : " S
e " i LS LN

Why the ocean(s) as sandbox ?
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Context: No observation / simulation system to resolve
all scales and processes simultaneously
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General question: how could data-driven/learning-based tools
contribute to solving sampling gaps and higher-level information ?



Illustration of satellite-derived sea surface
observations .

Advanced wide
swath technology

»Ocean and surface water
< topography measurements

- radiometers
L

I , ; o | -

80°E 90°E 100°€ 110°€




Deepwater horizon [2010]

Collard et al., 2010

Québec, October 2013 5



What about Al to solve
sampling gaps and infer
higher-level information ?




Context: Data-driven
and learning-based
approaches for ocean
monitoring &
surveillance




earning & Geoscience: nothing new ?
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Learning & Geoscience: Data-driven approaches for

data assimilation

The analog data assimilation [Lguensat et al., 2017]

e Combination of analog forecasting strategies and EnKF
assimilation schemes
Extension to 2D+t geophysical dynamics

The Analog Data Assimilation™
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Previous spread Pure Dynamical Model Forecast spread
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* Bridging model-driven and data-driven paradigms
e Learning data-driven representations from
observation data
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Bridging Physics & Al: Expected breakthroughs

Al toolbox

Machine
(Deep) Reinforcement

learning learning

Automatic
differentiation

GPU

Model-data

synergies T systems

Smart observing
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Bridging Physics & Al: Expected breakthroughs

: Representation -dri i
Physical model P Data-driven representation

ou learning

5 T (Vu,v) = kAu

Al toolbox

Machine
(Deep)
learning

Computational
acceleration

: Big data

Automatic &

differentiation

Model-data Smart observing

synergies T systems

GPU
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LPINAS

Direct applications of DL schemes to physics-related
issues

Contents lists available at ScienceDirect

Physics Letters B
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Bridging physics & Al: Expected breakthroughs

Physical model Represer!tatlon
ou learning

Data-driven representation

Making the most of Al and Physics Theory

* Model-Driven/Theory-Guided & Data-Constrained schemes

e Data-Driven & Physically-Sound schemes (eg, Ouala et al., 2019)
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Bridging physics & Al: Expected breakthroughs

Physical model Represer!tatlon
ou learning

Data-driven representation

Making the most of Al and Physics Theory

* Model-Driven/Theory-Guided & Data-Constrained schemes

e Data-Driven & Physically-Sound schemes (eg, Ouala et al., 2019)

15



DL representations for ODEs/PDEs (Neural ODE)

1

F(t, X3)

An example: Residual RK4 Bilinear Network [rablet et al., 2018]

1z(t) .

S = o (y(t) - ()

ly(t , ‘ ‘

W — 2(t) (p - 2(t)) — u(t)

1z(t ‘ ‘

‘—(}rl x(t)y(t) — Bz(t)
Lorenz-63 equations

Noise-free training data

Forecasting time step ty+h t,+4h t,+8h
Analog forecasting <10°% 0.002  0.005
Sparse regression <10 0.002 0.006
MLP <10t 0.018 0.044
Bi-NN(4) <10°¢ <10°¢ <10°¢




NN Generator from Symbolic PDES (Pannekoucke et al., 2020)

Ot + ud,u = /iagu

¥

Symbolic calculus
(Simpy)

¥

PDE-GenNet
(keras)

¥

kernel Du x ol = np.:

Generated code

pu(t+1)

So(t+1)

x')1),0.0],
(0.0,0.0,0.0],
[0.0,1/(2*self.dx[self.coordinates.index('x"')]),0.0])])).reshape((3, 3)+(1,1))
Du x ol = DerivativeFactory((3, 3),kernel=kernel Du x ol,name='D 31" ) (u)
mul 1 = keras.layers.multiply([Dkappa 11 x o0l,Du x ol],name="MullLayer 1')
mul 2 = keras.layers.multiply([Dkappa 12 x 01,0u y ol],name="MullLayer 2')
mul 3 = keras.layers.multiply([Dkappa 12 y 01,Du x ol],name="MullLayer 3')
mul 4 = keras.layers.multiply([Dkappa 22 y 01,Du y ol],name="MullLayer 4')
mul 5 = keras.layers.multiply([Du x 02,kappa 11],name='Mullayer 5°)
mul 6 = keras.layers.multiply([Du y o02,kappa 22],name='Mullayer 6°)
mul 7 = keras.layers.multiply([Du x o1 y ol,kappa 12],name='Mullayer 7°)
s¢ mul 1 = keras.layers.Lambda(lambda x: 2.0*x,name="ScalarMullayer 1')(mul 7)
trend u = §
Uncertainty propagation
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Bridging physics & Al: Expected breakthroughs

Physical model Represer!tatlon
ou learning

Data-driven representation

Making the most of Al and Physics Theory

* Model-Driven/Theory-Guided & Data-Constrained schemes

e Data-Driven & Physically-Sound schemes (eg, Ouala et al., 2019)
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End-to-end learning from irregularly-sampled data

[Nguyen et al., 2019; Fablet et al., 2019]

Can we learn directly from observation data ?

Generic issue:
Joint identification and inversion

atX = F(X,f,t, 9)
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10 m Baseline

Interferometer
Antenna 2

Interferometer

An example for upcoming SWOT mission

Nadir 77§
Attimeter /* //

891 km

A
\
Interferometer \ A

N/

N,/ Interferometer

Left Swath X /
7\

Right Swath
A Right Swa

AN

Groundtruth

Cross-track

Resolution
from

TTopography 70m to 10m

(From Perez et al.,

H-Pol Interferometer Swath V-Pol In

a 10- 60 km Nadir 2018)

Altimeter
Path

Proposed NN framework
(Fablet et al., 2019)

State-of-the-art
operational processing




End-to-end learning for inverse problems (rabiet etat, 2020)

o4 - Model-driven schemes: 7 = arg miﬂk)\l |z — ?JH?z + A2®(x) |

Gradient-based solver (adjoint/Euler-Lagrange method): Us (x(k’)’y’ Q)

- pF Y = (k) _ 0V, Us (at(k),y,Q)

Partial observations y

No control on the reconstruction error ~ :'"%¢ # arg min Ug (CC(k) s Yy Q)
x

Variational cost
TN for the true state

struchon error
’

Recons

True states x



End-to-end learning for inverse problems (rabiet et at, 2020)

True states x

1 Model-driven schemes: 7 = argmin A ||z — y||;, + A2 ®(x)

Direct learning for inverse problems: ' = W(y) Y— enN

Partial observations y ﬁ R EERE
[ /) ]
' -

CNN

Examples of CNN architectures: Reaction-Diffusion architectures, ADMMe-inspired
architectures,...

Good performance but possibly weak interpretability/generaiization capacities of
the solution byeond the training cases



End-to-end learning for inverse problems (rabiet et at, 2020)

e <l Model-driven schemes: T = arg mxiﬂ A1 ||z — y”?} + Ao ®(z)

Direct learning for inverse problems: T = \If(y)

y—>

CNN

—

Partial observations y
» Theoretical bi-level optimization

n

True states x

Proposed scheme: joint learning of the variational model and solver

arg mqinz |zn — Zpl|? s.t. Tn, = argmin Us (2y, Yn, On)
Tr,



End-to-end learning for inverse problems (rabiet et al., 2020)

Y (. Model-driven schemes: T = arg min Ay HI — y“?} + )\2(13(33)
‘ X

Direct learning for inverse problems: T = \If(y) Y— CNN —I

Proposed scheme: joint learning of the variational model and solver
Partial observations y

» Theoretical bi-level optimization

arg mqinz |zn — Zpl|? s.t. Tn, = argmin Us (2y, Yn, On)
Tr,

n

» Restated with a gradient-based NN solver for inner minimization

argmin ) _ [|lzn —

Iterative N solver using automatic

T tat
rue states x differentiation to compute gradient Vv, U, (a:““), v, Q) &



End-to-end learning for inverse problems (rabiet et al., 2020)

Proposed scheme: associated NN architecture

Initial state x(©@

ResNet architecture

-

ik‘ ’

Observation data y, 2

/' Residual Unit (RU) ™

Reconstructed states x

g(k—1) 1 LSTMor RNN cell

6 with 2™ = gD 4 5(8)

COp—

NN model for
U<I> (.CC, Y, Q)

Automatic

differentiation

V,Us (x(k),y, Q)



End-to-end learning for inverse problems (rabiet eta, 2020)

lllustration on Lorenz-96 dynamics (Bilinear ODE)

True ODE Non-supervised setting

.. .o
J .,_.
| .

AR - “

4 " N

v Learned model * .

§ : b ‘.-"\,

;-5, ____________________________________________ e S .\

2 0

&

¢

S

/ (classic variational minimisation)

g ‘N) Supervised settings

«« gradect descenrt for OO comt

e Larrend scbeer for OOK cont

01 4 v
Lo

True and observed states '|_

o
01%

9 il g log ot o
Vanaonal cont

Reconstructio

Pty warred cost and wiver

n examples and associated error maps
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End-to-end learning for inverse problems (rabiet etat, 2020)

Applications to the reconstruction of sea surface
current from SWOT data

NB: preliminary results with a fixed-point . I V | '
Solver rather than a gradient-based solver _— N\



End-to-end learning for inverse problems (rabiet etat, 2020)

Key messages N |

- '
[ Ny 3 . "'._ . "

,.
.
A

“x‘:..\_s‘ ~ =
o {}-H

« We can bridge DNN and variational
models to solve inverse problems

Reconstruchon ermor

T
L
radent descent for preset cost ek for ppantly-dearmed cost

Learned solver for preset cost jeantly learned cost and solver

 Learning both variational priors and
solvers using groundtruthed (simulation)
or observation-only data

Vanatwonal cost

« The best model may not be the TRUE
one for inverse problems

Preprint: htips://arxiv.org/abs/2006.03653

* Generic formulation/architecture beyond
space-time dynamics

Code: https://github.com/CIA-Oceanix



https://arxiv.org/abs/2006.03653
https://github.com/CIA-Oceanix

End-to-end learning from real observation data ?

Scarce time sampling

Proposed RINN4-EM model
—— Proposed VBRNN model

Noisy and irregular sampling
; o esene ln‘t;rf;romeler ‘ l l()'z

Antenna 2

Interferometer
Antenna 1

1

»
/ .
4 \ -0.
\
N -0
//\\k/ Interferometer | :
/A Right Swath |
/ 3 4 5 6 7 8

Nguyen, ICASSP’20

2

891 km

1
I’Inter'erometer \
| LeftSwath XN\

@ Cross-track

(From Perezetal.,

Topography 4
2018)
H-Pol Interferometer Swath _ V-Pol Interferometer Swath
10 - 60 km Nadir 10 - 60 km
Altimeter
Path

Partially-observed
system

Ouala, preprint 2019




Summary

* NNs as numerical schemes for ODE/PDE/energy-based
representations of geophysical flows

« Embedding geophysical priors in NN representations (e.g.,
Lguensat et al., 2019; Ouala et al., 2019)

* End-to-end architecture for jointly learning a representation
(eg, ODE) and a solver (e.g., Fablet et al., 2020)

* Towards stochastic representations embedded in NN
architectures (e.g., Pannekoucke et al., 2020, Nguyen etal., 2020)
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Learning stochastic hidden dynamics [Nguyen et al., 2018]

The example of AIS Vessel trajectory data

Millions of AIS positions daily

Noisy data: irregular sampling,
corrupted data

5
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How can we learn from AIS data streams ?



Learning stochastic hidden dynamics [Nguyen et al., 2018]

Trajectory Anomaly Vessel type Other

reconstruction detection identification tasks
1 1 1 L

f 1 0 L 1T L

g
BN N N ——

A few hours A few hours A fow days Othwr Sme scales

*t * * *

\|

Hidden
regimes

SEEREIEIEEEIERE N

A !e:-fr;\ubs ‘
\ A

Noisy
data

Model training from noisy AIS streams using variational Bayesian
approximation



Learning stochastic hidden dynamics [nguyen et al., 2018]

Abnormal behaviour detection
49.5f C— = == /, !

Vessel type
recognition

49.0

Latitude
S
©
w

~88% of correct
recognition

Trajectory
reconstruction "“"
[ Lot

o oo OV
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Understanding DL models ?

88% tabby cat 99% guacamole

Szegedy et al., 2015



U nderSta nd | ng Res N Ets [Rousseau et al., 2019]

ResNet [He et al., 2015] regarded as space registration machines

§

b

3u3 conw, 128, 2

c) registered image (source to target)

[Matlab tutorial] .
[Dramms tutorial]



U nderSta nd | ng Res N Ets [Rousseau et al., 2019]

ResNet [He et al., 2015] regarded as space registration machlnes

Original
feature
space

Registered space to make feasible a linear
separation between classes
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https://rfablet.github.io/

+| Joint work with B. Chapron, F. Collard, L. Drumetz, J. Le
Sommer, R. Lguensat, D. Nguyen, S. Ouala, A. Pascual, F.
Rousseau, P. Tandeo, J. Verron, O. Pannekoucke, ...

More:

* Webpage: https://rfablet.github.io/

* Preprints:
https://www.researchgate.net/profile/Ronan_Fablet
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