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End-to-end learning for inverse problems (rabiet etat, 2020)
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| ‘ Model-driven schemes:  arg min 6\1 |z —yl|§, + Ao |z — ()|

Gradient-based solver (adjoint/Euler-Lagrange method): Us (;U(k), Y, Q)

g+ — (k) _ aV . Usp (at(k),y,Q)

Partial observations y

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

| Variational cost
| ‘ A N, for the true state
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e
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e S

Reconstruction error

-~ Gradient descent for ODE cost —— Supervised solver for ODE cost
—-= Unsupervised solver for ODE cost Jointly learned cost and solver

True states x o

10! 10° 10! 102
Variational cost



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

_ Model-driven schemes: 7 = arg min \; ||z — y||5, + A2 ®(z)

Direct learning for inverse problems: T = W(y) Y— eNN [>T

Partial observationsy BT
Lguensat etal., 2020

N\

| 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

True states x



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

~1 Model-driven schemes: argmin A; ||z — yllg + Az ||z — @(2)||”

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)

~1 Model-driven schemes: argmin A; ||z — yllg + Az ||z — @(2)||”

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 v, Uy (2%, y,0) :



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

Proposed scheme: associated NN architecture

Initial state x(©@

ResNet architecture

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 4DVar DA: projection operator ¢

Parameterization
using (learnable)
ODE operator

0x(t)

e M (x(t))

l

i
.

-

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

zr(t —A) + /t_A My (z(u)) du
U

Neural integrator

o\

J

-

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

lllustration on Lorenz-96 dynamics (Bilinear ODE)
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End-to-end learning for inverse problems (rabiet etat, 2020)

Key messages 06 Observation

« We can bridge DNN and variational

models to solve inverse problems ;- ,
g 01 _0)‘ <_
« Learning both variational priors and = ELZ?;Z‘fiii???f?iiiiil;i“ ‘iﬁii’ff.";‘122?2255;i‘ii";',ﬁ':?rl”e"
solvers using groundtruthed (simulation) T T e T

or observation-only data

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

Vi

* Generic formulation/architecture beyond  [peprint: hitps:/arxiv.org/abs/2006.03653

space-time dynamics (ongoing application
to short-term forecasting)

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



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

«| Joint work with M. Beauchamp, B. Chapron, L. Drumetz, E.
Mémin, O. Pannekoucke, F. Rousseau

More:

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

* Preprints:
https://www.researchgate.net/profile/Ronan Fablet
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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
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An example for upcoming SWOT mission
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End-to-end learning from real observation data

Scarce time sampling

Proposed RINN4-EM model
—— Proposed VBRNN model

Noisy and |rregular sampling

‘ 10 m Baseline ‘
Interferometer = Interferometer 0.2
Antenna 1 o Antenna 2
‘2 4 //

0.0

e \ -0.1
s \ \
3 \
° \ N/ —_

Interferometer \ ’\ ANy Inlerfemme(er\\ ] 0.2

Left Swath 7" SR
/N
FARRN \ 3 4 5 6 7 8

Nguyen, ICASSP’20

Cross-track
(From Perezetal.,
2018)

Topography

H-Pol Interferometer Swath Nadi V-Pol Interferometer Swath
ladir

10 - 60 km N 10 - 60 km
Altimeter
Path

Partially-observed
system

Ouala, preprint 2019




