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Overview	of	the	talk

• Challenges	in	ocean	observation,	modeling	and	forecasting


• Beyond	Neural	Networks	regarded	as	black	boxes


• End-to-end	learning	can	make	a	difference




Challenges	in	Ocean	Modeling	and	
Forecasting




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

NATL	60

https://www.youtube.com/watch?v=YDRE3sTwN8w


Illustration	 of	 satellite	 remote	 sensing	
observations	for	ocean	dynamics

SARaltimeters

SWOT

SMOSradiometers

Sentinel	S3



Challenges	in	space	oceanography
NATL	60

How to reconstruct from observations ?

Partial	observations	y Gap-free	states	x

How to model/forecast from observations ?

TimeToday Tomorrow

Where and what to sample ?
SAR

SMOS

Multispectral

altimeters

In	situ

From surface to interior ?Using multi-tracer observations ?

?



Deep	Learning	and	Earth	Sciences




Key reasons for the emergence of DL

High-performance computing (GPU) Large annotated dataset (> 1M)

Efficient & easy-to-use frameworks
End-to-end learning

+



“Off-the-shelf”	 DL	 schemes	 applied	 to	 physics-related	
issues		

https://www.youtube.com/watch?v=n3r6dXsRo9k


End-to-end	 physics-informed	 Learning	 for	
reconstruction	and	forecasting	problems


Partial	observations	y True	states	x

?



Data	assimilation	in	earth	sciences	[Evensen,	2000]

Partial	observations	y True	states	x
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Data	assimilation	in	geoscience	[Evensen,	2000]

Partial	observations	y True	states	x
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Each	 component	 designed	 using	 model-driven	 principles	 and	
mostly	 independently….	 But	 limited	 ability	 to	 fully	 exploit	
observation	datasets.



What	about	end-to-end	learning	for	data	assimilation?

Partial	observations	y True	states	x

Can	we	exploit	prior	knowledge	?


Can	we	calibrate	all	the	components	of	a	DA	scheme	at	once?

End-to-end neural 
architecture



(Weak	constraint)	4DVar	Data	Assimilation	(DA)	formulation

Partial	observations	y

True	states	x

State-space	formulation:


Associated	variational	formulation:


	

with



4DVarNet:	Learning	4DVar	models	and	solvers
Trainable Variational DA formulation

End-to-end architectureTrainable or pre-
defined prior 

Trainable or pre-
defined observation 

model

Trainable solver


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

Code: https://github.com/CIA-Oceanix/DinAE_4DVarNN_torch

<latexit sha1_base64="e+u12GVZB95BaY8nf5Fi28X7E4g="></latexit>
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RNN Automatic differentiation

https://arxiv.org/abs/2006.03653
https://github.com/CIA-Oceanix/DinAE_4DVarNN_torch


4DVarNet:	Learning	4DVar	models	and	solvers
Trainable Variational DA formulation

End-to-end architectureTrainable or pre-
defined prior 

Trainable or pre-
defined observation 

model

Trainable solver


Learning criterion
Variational cost (non-supervised)


Reconstruction error (supervised)


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

Code: https://github.com/CIA-Oceanix/DinAE_4DVarNN_torch
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RNN Automatic differentiation

https://arxiv.org/abs/2006.03653
https://github.com/CIA-Oceanix/DinAE_4DVarNN_torch


4DVarNet:	Application	to	sea	surface	dynamics

From a Variational DA formulation Associated end-to-end scheme

Trainable variational model

Trainable gradient-based solver 

Interpolation & Forecasting Learning where to sample ?Multimodal DA
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Space-time	interpolation	of	sea	surface	geophysical	fields

Satellite altimetry Sea surface suspended sediments

Best	score	for	BOOST-SWOT	SLA	Data	Challenge


https://github.com/ocean-data-challenges/
2020a_SSH_mapping_NATL60

4DVarNet

Mean	gradient	norm

Simulation	and	real	data


Learning	from	real	gappy	
data	only


Collab.	 IMT	 Atl./SHOM/
LGO

4DVarNetDINEOF

OIReal data

https://www.youtube.com/watch?v=fKIlVmeq9dk
https://github.com/ocean-data-challenges/2020a_SSH_mapping_NATL60
https://github.com/ocean-data-challenges/2020a_SSH_mapping_NATL60


Trainable	observation	operators

Learning where to sample ? Learning what to measure ?

 4DVarNet models with trainable observation models

 

<latexit sha1_base64="qW5bhp+cDwb+MasRYBS9MBRw8aI="></latexit>
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Trainable	observation	operators

4DVarNet models with 
trainable observation models

<latexit sha1_base64="nP12Ey7iQsmnA28yHzeXL8zGjqg="></latexit>

kH(z) ⇤ (x� y)k2

s.t. 8z, kH(z)k1 < ✏

Spase sampling operator

Multimodal observation
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+
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End-to-end 4DVarNet

Supervised training loss

(under sparsity constraint for the 
optimal sampling case)



Multimodal	data	assimilation

SSH-SST case-study

OSSE with NATL60 data

4-nadir-altimeter + SWOT + 
DUACS baseline

Gulf Stream area (10°x10°)

63% vs. 53% gain in SSH 
MSE w.r.t. DUACS with/
without SST (Winter period) 

True 4DVarNet DUACS

4DVarNet+SSTObs. mask SST features



Optimal	sampling

SSH case-study

OSSE with NATL60 data

Av a i l a b l e 4 - n a d i r S L A 
observation

Gulf Stream area (10°x10°)

Mean relative gain of 60% 
in the reconstruction of the 
SSH using the learned 
sampling (~6% of the pixels 
vs. 1.3% for nadir altimeters)



Key	messages

• Beyond NNs as data-driven-only black 
bloxes

• Tra inab le var ia t iona l DA models 
(observation model, prior, solver)

• Application to interpolation, forecasting 
sampling and multimodal synergies

• End-to-end learning makes it easier

• Scaling up to the global scale
23

Paper (doi): 10.1029/2021MS002572

Code: https://github.com/CIA-Oceanix/
4dvarnet-core


https://doi.org/10.1029/2021MS002572
https://github.com/CIA-Oceanix/4dvarnet-core
https://github.com/CIA-Oceanix/4dvarnet-core
https://github.com/CIA-Oceanix/4dvarnet-core
https://www.youtube.com/watch?v=7LVgOf9HB2I


End-to-end	deep	and	physics-informed	learning	and	dynamical	systems	

(cia-oceanix.github.io)

Observation-driven 
forecasting

Learning for geophysical 
extremes

Trajectory data 
modelling and analysis

Learning & Simulation

Multimodal observations

Learning & Data Assimilation

https://cia-oceanix.github.io


AI	Chair	OceaniX	2020-2024


Physics-informed	 AI	 for	 Observation-
Driven	Ocean	AnalytiX


R.	Fablet,	Prof.	IMT	Atlantique,	Brest

Web:	https://cia-oceanix.github.io/
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Thank	you.

https://cia-oceanix.github.io/
https://cia-oceanix.github.io/
https://cia-oceanix.github.io/
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