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Context: No observation / simulation system to resolve all
scales and processes simultaneously R L

=

Ocean Colour

Advanced wide
swath technology

~Ocean and surface water
" “topography measurements
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Learning for partially-observed systems / from
irregularly-sampled data ?

Scarce time sampling
e Noisy and irregular sampling

| 10 m Baseline ‘
T ter = nterferometer 0.2
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Fablet, arXiv’2020
Nguyen, ICASSP’20
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Ouala, ICASSP’19

Partially-observed
system

Ouala, preprint 2019
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Examples of DL schemes applied to physics-related issues

Contents lists available at ScienceDirect
. Contents lists available at ScienceDirect
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CONVOLUTIONAL NEURAL NETWORKS

Redouane Lguensat*', Ronan Fablet?, Julien Le Sommer*, Sammy Metref ', Emmanuel Cosme*,
Kaouther Ouenniche®, Lucas Drumetz?, Jonathan Gula®

Deep learning to represent subgrid processes in )
Université Grenoble Alpes, CNRS, IRD, Grenoble INP, IGE; Grenoble, France

H =
dlmate mOdEIs [\ 2 IMT Atlantique, LabSTICC, Université Bretagne Loire; Brest, France
Stephan Rasp*®, Michael S. Pritchard®, and Pierre Gentine®4 A 10° g 3 Ifremer, LOPS; Brest, France
<] epatimentof Gt uonmrta imeanns. e msinee, 4
e codilen e . e o o — ref == +4K = SPCAM 2
Edited by Isaac M. Held, Geophysical FlmdD namics Laboratory, National Oceanic af '
A o etenes mmwm" 5 ” === NNCAM = o un SSHWith tide Baseline o cc o cc GroundTruth
e upd ¥ i e " » ; .
ey 10~* CTRLCAM N satellite
c E high-res|
Y -3 thus all
CJY 10 S andsub
g |
«“ 107
10 SIe.
SO
107 + T T T T T Y 1
0 50 100 150 200 250 300 350
Precipitation [mm d=')




An example of deep learning for inverse problems
(Lguensat etal.,, 2020)

Partial observations y

True states x

Direct learning for inverse problems: 7 = \If(y) Y—

\|

CNN

CNN

» i

' Lguensat etal., 2020

Examples of CNN architectures: classic CNN architectures, architectures derived from
inver problem algorithms, eg Reaction-Diffusion architectures, ADMM-inspired

architectures,...

Good performance but possibly weak interpretability/generalization capacities of

the solution byeond the training cases

May reinvent the wheel and forget to exploit the available (physical) knowledge
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Starting from a (Weak constraint) 4DVar Data Assimilation
(DA) formulation

| | State-space formulation:

( Ox(t)
s [ %5 = M)
L oy(t) = z(t) +e(t),Vt € {to, to + At....,, to + NAt}

Partial observations y

Associated variational formulation:

arg min Ay Z lz(t:) = y(t)lle, + A2 D lle(ts) = (@)t

with  P(z)(t) =z(t-A)+ [ M(z(u))du

t—A

argmin Ay [ — g7, + Ao [l — @ ()]

True states x



Bridging 4DVar DA and Deep Learning [rablet et al, 2020]

2

/

| | Model-driven schemes: T = arg H;in@q |z — yH?Z + A2 ||z — ®(2)|

|
Gradient-based solver (adjoint/Euler-Lagrange method): Us (gj(k)’ Y, Q)

- gFHD) = 2R _ 0V, Us (x(k),y, Q)

Partial observations y

Possibly implemented within a DL framework to benefit
from automatic differentiatio tools to design gradient-
based solver

True states x



Bridging 4DVar DA and Deep Learning (rablet et al,, 2020)

- Model-driven schemes: 7 = arg mxin At ||z — yHé + Ao ||z — <I>(x)|]2

Direct learning for inverse problems: 7 = \If(y) UY— CNN —T

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

* Theoretical bi-level optimization

arg mcgnz |20 — Zn||* s.t. & = argmin Us (T, Yn, On)
X

n

n

True states x



Bridging 4DVar DA and Deep Learning (rablet et al,, 2020)

Partial observations y

True states x

Model-driven schemes: T = arg min A\ HCC — yl\?z + A2 H$ — (I’(CU)H2
T

Direct learning for inverse problems: 77 = \If(y) Y—

CNN

—

Proposed scheme: joint learning of the variational model and solver

* Theoretical bi-level optimization

arg mcgnz |20 — Zn||* s.t. & = argmin Us (T, Yn, On)
X

n
n

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

Iterative NN solver using automatic
differentiation to compute gradient v_r/, (x(’ﬂ? v, Q)

12



Bridging 4DVar DA and Deep Learning (rablet et al,, 2020)

Proposed scheme: associated NN architecture

Initial state x(0)

ResNet architecture

s
-

Observation data y, 2

" Residual Unit (RU) ™.

Reconstructed states x

(=11 RNNcell(eg, LSTM) | §(F) ity »(0) — L(k=1) 4 5(K)
NN model for Automatic
: S V.Us (27, y,Q
:E(k) B Us (ai',y, Q) differentiation ( )




End-to-end learning for 4DVar DA: projection operator ¢

Parameterization
using (learnable)
ODE operator

0x(t)
ot

= My (z(1))

-

Two-scale
U-Net-like
Parameterization
(Gibbs Field)

r(t—A) + /f_A Mo (z(u)) du
9 :

o

Neural integrator

J

i'r

-

U-Net

2N

i}
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End-to-end learning for inverse problems (rabiet etal., 2020)

lllustration on Lorenz-96 dynamics (Bilinear ODE)

04

~~~~~ s, True ODE Non-supervised setting
A . . . . . . .
03 / (classic variational minimisation)
5 .
5 Learned model —
s o2
2 ooy N AN . .
8 \ Supervised settings
2 ]
00 N
-==- gradient descent for ODE cost
—— Learned solver for ODE cost —— Jointly learned cost and solver
ot 0.200 0175 0.150 0125 0.100 0.075 0.050 0.025 0.000
Variational cost

True and observed states Reconstruction examples and associated error maps
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An example for upcoming SWOT mission

Interferometer
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70m to 10m

(From Perez et al., 2018)

Topography

H-Pol Interferometer Swath V-Pol In

10 - 60 km Nadir 10 - 60 km
Altimeter
Path

Proposed NN framework
(Fablet et al., 2019)

Beauchamp et al., 2020

https://doi.org/10.3390/rs12223806




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

Key messages

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

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

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

* Generic formulation/architecture beyond
space-time dynamics

Observation
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i¥] Reference
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T g0

01 -~ gradient descent for preset cost Gradient descent for jointly-learned cost

—— Learned solver for preset cost Jointly learned cost and solver
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Preprint: https://arxiv.org/abs/2006.03653

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




End-to-end learning from real observation data

Scarce time sampling

Proposed RINN4-EM model
—— Proposed VBRNN model

Interferometer

- W 10 m Baseline
Antenna 1

Interferometer
Antenna 2

Nadic 77 1\

Altimeter //// N

»a

891 km

\
\
\
\
\
\
\
\
\

/

s
A/ Interferometer
S  Right Swath

~

\
\
\

g Cross-track
Ocean
Topography

(From Perez et al., 2018)

H-Pol Interferometer Swath _ V-Pol Interferometer Swath
10 - 60 km Nadir 10 - 60 km
Altimeter

Path

Partially-observed
system

Ouala, preprint 2019

N0|sy and |rregular sampling

0.1
0.0
-01
I lI I . . -0.2
3 4 5

6 7 8

Nguyen, ICASSP’20




Neural ODE for partially-observed systems [ouala et al., 2020]

lllustration for L63 assuming only the first components is observed

X1
X, | Learning Latent (unobserved) - ( Y. )
dynamics @
diZy = ©o(Zy) "

Objectives: acccurate

short-term forecast and | "MI ' | ” ylr Approach: trainable

variational formulation

realistic « long-term » . :
8 with latent dynamics

patterns for X,




Neural ODE for partially-observed systems [ouala et al., 2019]

Problem statement: end-to-end learning of the latent (augmented)
space and of the associated dynamics

Obferved Dynamical model in the
X, — < iUt::) variables latent space
t — Unk
> nknown — ( )
t variables 8tXt f 0 Xt

Goals:

1. Learn model parameters 0 from observed time series
2. Forecast future observed states given previous ones

Proposed approach: WC 4DVar formulation with an unknown dynamical
model




Neural ODE for partially-observed systems [ouala et al., 2020]

lllustration on Lorenz-63 dynamics

Epoch =0

R RN

Lorenz 63 attractor

Epoch = Last

Proposed model

Analog Forecasting
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Summary

* NNs as numerical schemes for ODE/PDE/energy-based
representations of geophysical flows (ie, not only Black Boxes)

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

* End-to-end learning of (latent) representations (eg, ODE)
and solvers (e.g., Fablet et al., 2020; Ouala et al., 2020)

* Towards stochastic representations embedded in NN
architectures (e.g., Pannekoucke et al., 2020, Nguyen etal., 2020)




Making the most of model-driven and data-driven approaches

Model-

driven
|

ODEs/PDEs
Variational models
State-space models
Data Assimilation

++

Use of prior knowledge
Interpretability
Generalization

Flexibility
Use of observation
dataset

hutps://doi.org/10.5194/gmd-2020-35
Preprint. Discussion started: 2 March 2020
© Author(s) 2020. CC BY 4.0 License.

PDE-NetGen 1.0: from symbolic PDE representations of physical

processes to trainable neural network representations. - "
Olivier Pannekoucke! and Ronan Fablet* E U4
'INPT-ENM, UMR CNRS CNRM, CERFACS, 42, av. G. Coriolis 31057 Toulouse, France /
2IMT-Atlantic, UMR CNRS Lab-STICC, Brest, France A

C Olivier fr)

Learning Latent Dynamics for Partially-Observed
Chaotic Systems

Said Ouala’, Duong Nguyen', Lucas Drumetz', Bertrand Chapron®
Ananda Pascual®, Fabrice Collard*, Lucile Gaultier!, Ronan Fablet'
(1) IMT Atlantique; Lab-STICC, Brest, France
(2) Ifremer, LOPS, Brest, France
(3) IMEDEA, UIB-CSIC, Esporles, Spain
(4) ODL, Brest, France
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{dr.fab, lucile.gaultier}@oceandatalab.com
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JOINT LEARNING OF VARIATIONAL REPRESENTATIONS AND
SOLVERS FOR INVERSE PROBLEMS WITH PARTTALLY-OBSERVED

DATA

A PREPRINT

Bertrand. .£r, ananda. 10imed, b-csic.es

CCONVOLUTIONAL NEURAL NETWORKS

Kaouther Ouenniche?, Lucas Drumetz?, Jonathan Gula®

3 Ifremer, LOPS; Brest, France

ABSTRACT
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FILTERING INTERNAL TIDES FROM WIDE-SWATH ALTIMETER DATA USING
Redouane Lguensat", Ronan Fable?, Julien Le Sommer", Sammy Metref ", Emmanuel Cosme",

! Université Grenoble Alpes, CNRS, IRD, Grenoble INP, IGE; Grenoble, France
2 IMT Atlantique, LabSTICC, Université Bretagne Loire; Brest, France

The upcoming Surface Water Ocean Topography (SWOT)
high-resolution measuremens of Sea Surface Height (SSH),
thus allowing for a better characterizaion of the mesoscale
d field. However,
dor
5. In this paper,
tional neura
jgnas. N

anlmatlon

Data-

driven
>

Neural Networks
(Analog methods)
(Kernel methods)

s e see

b

++
Flexibility
Plug-and-play
GPU acceleration

Black-box
Generalization
Interpretability

Reinvent the wheel

Physics-informed &
Data-constrained

Data-driven &

Physics-aware .
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