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End-to-end learning for inverse problems (Fablet etal., 2020)

Partial observations y

True states x

Model-driven schemes:

Gradient-based solver (adjoint/Euler-Lagrange method):

No control on the reconstruction error
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Variational cost 
for the true state
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End-to-end learning for inverse problems (Fablet et al., 2020)

Partial observations y

True states x

Model-driven schemes:

Direct learning for inverse problems: bx =  (y)
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CNN x
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…….

CNN

Examples of CNN architectures: Reaction-Diffusion architectures, ADMM-inspired
architectures,…

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

Lguensat etal., 2020



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

Partial observations y

True states x

Model-driven schemes: 

Direct learning for inverse problems: bx =  (y)
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Proposed scheme: joint learning of the variational model and solver

• Theoretical bi-level optimization
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Proposed scheme: joint learning of the variational model and solver

• Theoretical bi-level optimization

• Restated with a gradient-based NN solver for inner minimization
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Iterative NN solver using automatic
differentiation to compute gradient
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End-to-end learning for inverse problems (Fablet et al., 2020)

Observation data y, 𝛺

Reconstructed states x

Proposed scheme: associated NN architecture
Initial state x(0) ResNet architecture

RU RU RU

Residual Unit (RU)

(….)
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with x(k) = x(k�1) + �(k)

<latexit sha1_base64="Rx1huJOj15pvEj+4qr9dZYUiEQ0=">AAACG3icbZDLSgMxFIYz9VbrbdSlm2ARKmKZKQV1IRTduKxgL9COJZNJ29DMheSMtgzzHm58FTcuFHEluPBtTC8LrR4IfPz/OZyc340EV2BZX0ZmYXFpeSW7mltb39jcMrd36iqMJWU1GopQNl2imOABqwEHwZqRZMR3BWu4g8ux37hjUvEwuIFRxByf9ALe5ZSAljpmqe274TDB+J5DH+MUD2+TwuAwxedTOrY1H+G2xwSQqdUx81bRmhT+C/YM8mhW1Y750fZCGvssACqIUi3bisBJiAROBUtz7VixiNAB6bGWxoD4TDnJ5LYUH2jFw91Q6hcAnqg/JxLiKzXyXd3pE+ireW8s/ue1YuieOgkPohhYQKeLurHAEOJxUNjjklEQIw2ESq7/immfSEJBx5nTIdjzJ/+Feqlol4tn1+V85WIWRxbtoX1UQDY6QRV0haqohih6QE/oBb0aj8az8Wa8T1szxmxmF/0q4/Mb87Ge4w==</latexit>



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

Parameterization 
using (learnable) 

ODE operator
<latexit sha1_base64="cIGFg0bSk14ubToXE9K7vQfVOV4="></latexit>

x(t��) +

Z t

t��
M✓ (x(u)) du

<latexit sha1_base64="AIAL5mQZE3Rb0Mvhd1AlOOoQobw=">AAAB8XicbVBNS8NAEJ3Urxq/qh69LBahXkoiih6LXjxGsB/YhrLZbtqlm03Y3Ygl9F948aCIV/+NN/+NmzYHbX0w8Hhvhpl5QcKZ0o7zbZVWVtfWN8qb9tb2zu5eZf+gpeJUEtokMY9lJ8CKciZoUzPNaSeRFEcBp+1gfJP77UcqFYvFvZ4k1I/wULCQEayN9NDzRqz2dGrbdr9SderODGiZuAWpQgGvX/nqDWKSRlRowrFSXddJtJ9hqRnhdGr3UkUTTMZ4SLuGChxR5Wezi6foxCgDFMbSlNBopv6eyHCk1CQKTGeE9Ugtern4n9dNdXjlZ0wkqaaCzBeFKUc6Rvn7aMAkJZpPDMFEMnMrIiMsMdEmpDwEd/HlZdI6q7sXdefuvNq4LuIowxEcQw1cuIQG3IIHTSAg4Ble4c1S1ov1bn3MW0tWMXMIf2B9/gAsHY9G</latexit>

�(x)<latexit sha1_base64="sQXtdoRm59iW/Izzu2ztiy/m05o=">AAAB63icbVBNS8NAEJ3Urxq/qh69LBbBU0lE0WPRi8cKthbaUDbbSbt0dxN2N2Ip/QtePCji1T/kzX9j0uagrQ8GHu/NMDMvTAQ31vO+ndLK6tr6RnnT3dre2d2r7B+0TJxqhk0Wi1i3Q2pQcIVNy63AdqKRylDgQzi6yf2HR9SGx+rejhMMJB0oHnFGbS49ua7bq1S9mjcDWSZ+QapQoNGrfHX7MUslKssENabje4kNJlRbzgRO3W5qMKFsRAfYyaiiEk0wmd06JSeZ0idRrLNSlszU3xMTKo0ZyzDrlNQOzaKXi/95ndRGV8GEqyS1qNh8UZQKYmOSP076XCOzYpwRyjTPbiVsSDVlNosnD8FffHmZtM5q/kXNuzuv1q+LOMpwBMdwCj5cQh1uoQFNYDCEZ3iFN0c6L8678zFvLTnFzCH8gfP5A4VKjTw=</latexit>x

Neural integrator

<latexit sha1_base64="FisATz3X1hjvWkkiuNv2+q04WPE="></latexit>

@x(t)

@t
= M✓ (x(t))

U-Net
Two-scale 
U-Net-like

Parameterization
(Gibbs Field)

<latexit sha1_base64="bDO1vpc5sTYFTAs4PYLQyVF3DFQ=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cI9gPaUDbbTbN0dxN2N0IJ/QtePCji1T/kzX/jps1BWx8MPN6bYWZemHKmjet+O5W19Y3Nrep2bWd3b/+gfnjU0UmmCG2ThCeqF2JNOZO0bZjhtJcqikXIaTec3BV+94kqzRL5aKYpDQQeSxYxgk0hDfyYDesNt+nOgVaJV5IGlPCH9a/BKCGZoNIQjrXue25qghwrwwins9og0zTFZILHtG+pxILqIJ/fOkNnVhmhKFG2pEFz9fdEjoXWUxHaToFNrJe9QvzP62cmuglyJtPMUEkWi6KMI5Og4nE0YooSw6eWYKKYvRWRGCtMjI2nZkPwll9eJZ2LpnfVdB8uG63bMo4qnMApnIMH19CCe/ChDQRieIZXeHOE8+K8Ox+L1opTzhzDHzifP+QLjiM=</latexit>

�



End-to-end learning for inverse problems (Fablet etal., 2020)

Illustration on Lorenz-96 dynamics (Bilinear ODE)

Learned model

True ODE Non-supervised setting
(classic variational minimisation)

Supervised settings



End-to-end learning for inverse problems (Fablet etal., 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 (ongoing application
to short-term forecasting)

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

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

Thank you.

10

https://rfablet.github.io/
https://www.researchgate.net/profile/Ronan_Fablet


End-to-end learning for inverse problems (Fablet etal., 2020)

Applications to the reconstruction of sea surface 
current from SWOT data

NB: preliminary results with a fixed-point 
Solver rather than a gradient-based solver



An example for upcoming SWOT mission

(From Perez et al., 
2018)

Groundtruth

State-of-the-art 
operational processing

Proposed NN framework 
(Fablet et al., 2019)

Can we learn how to best reconstruct surface dynamics
from satellite data ? Can we directly learn observation data?



End-to-end learning from real observation data

Scarce time sampling
Noisy and irregular sampling

(From Perez et al., 
2018)

Ouala, ICASSP’19 Nguyen, ICASSP’20

Partially-observed
system

Ouala, preprint 2019


