
End-to-end neural data assimilation: 
application to ocean dynamics	

1

R. Fablet, Prof. IMT Atlantique	
Lab-STICC, INRIA team Odyssey, Brest, France	
https://cia-oceanix.github.io/ 

with many colleagues 

CEA-EDF-Inria Numerical Analysis school 2025, June 2025

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


How to solve sampling gaps and extract high-level information for 
ocean modeling and forecasting ?

General question

Remote sensing Physical modeling

Deep learning
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AI and Climate Science

https://sites.research.google/weatherbench/
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0cean Modeling, Forecasting and Monitoring Systems 

+Hardware and 
Software Ecosystem

Computational 
Complexity

Under exploitation of 
observation datasets

Uncertainty 
QuantificationChallenges



Challenges? (1) Computational complexity

Consequences: 	
• Strong constraints on representativeness vs. complexity	
• Hardware and software solutions based HPC + 

1/4° ~ 10kh CPU	
1/60° ~ 40Mh CPU

https://www.youtube.com/watch?v=xmE9t0WYhsA


Challenges? (2) How to make the most of observations?

Altimetry data (Sea Surface Height/Sea 
Surface Anomaly)	

Operational altimeter-
derived products

GLORYS (239km) DUACS (151km)

https://www.youtube.com/watch?v=BYODDf6bEAQ


Challenges? (2) How to make the most of observations?

Deployment of ARGO floats

ARGO data for one day (April, 16, 2024)



Challenges? (3) Uncertainty Quantification

Illustration of uncertainties in the simulation of 
the primary production of the ocean (CMIP6 
simulation ensembles) 

Challenges and shortcomings : model 
calibration, parametrisation of unresolved 
uncertainties on forcings, ensembles’ size ….

From Tagliabue et al., 2021, https://doi.org/10.3389/fclim.2021.738224

https://doi.org/10.3389/fclim.2021.738224


How can AI advance operational oceanography?



AI to complement operational systems (new tasks)



AI in Operational Oceanography Systems
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Frezat et al., 2022

(End-to-end) learning of reduced-order models

Towards hybrid ocean models
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Unknown term to be 
represented by a neural 
model (Closure)

High-resolution	
vs.	

Reduce-order 
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SQG case-study: example of 
simulated vorticity state 
using different closures



Frezat et al., 2022. Ouala et al., 2024

Towards hybrid ocean models
Neural Networks

A posteriori learning 
can improve long-
term stability

Emulators to deal 
w i t h n o n -
differentiable   LES 
models.



AI in Operational Oceanography Systems
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End-to-end AI-native 
schemes



AI to replace existing ocean models (here, MEMO)

https://glonet.lab.dive.edito.eu/

Short-term neural ocean forecast (eg, GLONET)



Application of end-to-end neural DA to SSH mapping (altimetry data) 

Febvre et al., 2024

AI to replace ocean Data Assimilation Ssytem

4DVarNet (98km) GLORYS (239km) DUACS (151km)
OSSE-based training



Lessons learnt so far
• Growing number of (operational) demonstrations of neural 

schemes in operational oceanography	

• State-of-the-art performance of neural schemes for “at-scale” 
demonstrations (eg, global ocean)	

• Training schemes from simulation, reanalysis and/or 
observation datasets	

• Key to develop collaborative domain-relevant datasets and 
benchmarks [OceanBench, arxiv:2309.15599]	

• Towards ocean foundation models

https://arxiv.org/abs/2309.15599


Data Assimilation

How to reconstruct processes ?

Observations y Gap-free states x

How to simulate/forecast?

Today Tomorrow



Data assimilation (for a ML scientist)

Partial observations y True states x
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DA scheme regarded as the composition of elementary 
components based on model-driven principles



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

Partial observations y

True states x

State-space formulation:	

Associated variational formulation:	

 

with



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

Partial observations y

True states x

Challenges to solve the 4DVar minimisation	
• High-dimensional state (>1O11)	
• Availability of the gradient of the 4DVar cost	
• Non-convex optimisation / local minima	
• Computational complexity	

Solutions in the DA literature:	
• Sequential optimisation	
• Gradient-free approaches (e.g., EnKF)	
• Reduced-rank approaches

<latexit sha1_base64="IJy2AxavDKhogyqVXee+5e3lRps="></latexit>
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The example of Optimal Interpolation/Kalman Filter

Partial observations y

True states x

State-space formulation: 

Resulting variational formulation:	

Equivalent variational formulation:	
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Application in oceanography (satellite altimetry)

Partial observations y

True states x

Reconstructed 	
Sea Surface Height	

Gulf Stream region	

OIKF (SEEK)



Deep learning and Data Assimilation 	
(Inverse Problems)

Data Assimilation

Deep learning



Model-driven vs. Learning-based approaches
Partial observations y

Learning-based 	
methods

Model-based 	
methods

Inverse problems	
(eg, DA)

Direct learning-based methods

“Classic” methods 

Deep plug-and-play priors 

Deep unfolding methods

4DVarNet	
(Fablet et al, 2021)



Data assimilation (for a ML scientist)

Partial observations y True states x
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DA scheme regarded as the composition of elementary 
components based on model-driven principles



End-to-end deep learning schemes

Partial observations y True states x

Deep learning	
Models

End-to-end architecture

Which neural architectures ?	

Which training loss ?



WC-4Dvar DA as a deep unfolded scheme

Unfolded architecture 
of a 4DVar-WC scheme

https://doi.org/10.1029/2021MS002572
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Folded vs. Unfolded Representations
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An example with a ResNet
Folded	
Representation

Unfolded	
Representation
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Data Assimilation using Deep unfolding schemes: 4DVarNets

Unfolded architecture of a 
4DVarNet scheme

Fablet et al., 2021
https://doi.org/10.1029/2021MS002572

Meta-learning review, Hospedales et al., 2020. 
arXiv:2004.05439

Iterative gradient-based update
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Paper: Fablet et al., JAMES, 2021. https://doi.org/10.1029/2021MS002572 
Code: https://github.com/CIA-Oceanix/4dvarnet-starter

Trainable Variational DA formulation

Trainable or pre-
defined prior 

Trainable or pre-defined 
observation model

Trainable solver 

RNN Automatic differentiation

4DVarNet: end-to-end neural DA

Which training loss? 
Supervised vs. Non-supervised?

Data Assimilation using Deep unfolding schemes: 4DVarNets
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Bi-level formulation for Data Assimilation 	

Partial observations y

True states x

Model-driven schemes: 
<latexit sha1_base64="F4sqRC2kyDJQ7zqD9IOyeZ/p3bQ="></latexit>
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End-to-end learning schemes: 
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bx =  (y) s.t. b = argmin
 

L ({xn, yn, bxn}n)

Training phase as the targeted bi-level optimisation problem
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Relaxed formulation in 4DVarNet
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Approximate (trainable) solver of the variational minimisation
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Ongoing 4DVarNet-related topics (cia-oceanix.github.io)

4DVarNet and UQImplicit layers

Sea Surface Turbidity

4DVarNet, OI and SPDEs

SSH mapping/forecasting Multimodal synergies

https://cia-oceanix.github.io


How to benefit from existing knowledge and 
systems in neural DA schemes?

Data Assimilation

Deep learning



4DVarNet: which projection operator    ? 

Parameterization 
using (trainable) 

ODE operator

Neural integrator

U-Net
Two-scale  
U-Net-like 

Parameterization 
(similar to Gibbs/
Markov Random 

Field)



4DVarNet reconstruction of L96 dynamics

Generic vs. Observation-optimized priors?

Classic 4DVar minimisation 
(Unsupervised setting)

4DVarNets 
(Supervised training)

UNet Prior
B

es
t r

ec
on

st
ru

ct
io

n

Best 4DVar score

True ODE

Time



Which robustness to the sampling pattern?

The sparser the sampling, the more the 
difference (beyond Shannon)

Reduced-order representation of 
AMOC dynamics

Bauchot et al. JAMES, 2025. 10.1029/2024MS004462

https://doi.org/10.1029/2024MS004462


Can we benefit from a first guess from operational DA systems?
4DVarNet scheme using an I.C.

Random perturbation of true states

Impact of the uncertainty level of 
the DA baseline 

Uncertainty levels seen 
during training

Uncertainty levels not 
seen during training

Roy et al. EGU, 2025.



From deterministic neural DA to generative 
neural DA?



4DVarNet and Uncertainty Quantification
Ensemble of 4DVarNets

Neural DA & Flow Methods

Beauchamp et al., 2023. doi.org/10.5194/gmd-16-2119-2023

Random Perturbation and neural DA

Basic idea: sampling 
er ror s igna ls us ing 
reconst ruct ion f rom 
random perturbation of 
the interpolated field

Roy et al., in prep.

4DVarNets with SPDE priors

Beauchamp et al., 2025. https://arxiv.org/abs/2311.01783

http://doi.org/10.5194/gmd-16-2119-2023
https://arxiv.org/abs/2311.01783


SPDE priors with 4DVarNets  

Step I: estimation of the augmented state from observation data using the 
trained 4DVarNet 

<latexit sha1_base64="qY7thNgkHSPVPQNUNB3prk0XI/c=">AAACHnicbVDLSgMxFM34rPVVdekmWARXZUZ8bQTRjcsKVgudsWQyd9rQzIPkjlKGfokbf8WNC0UEV/o3ZmpBbT0hcHLOveTe46dSaLTtT2tqemZ2br60UF5cWl5ZraytX+kkUxwaPJGJavpMgxQxNFCghGaqgEW+hGu/d1b417egtEjiS+yn4EWsE4tQcIZGalf23TsRAAoZQO5GDLt+mDcHA3pMW/TnTd3iYBeQeTeXlLYrVbtmD0EniTMiVTJCvV15d4OEZxHEyCXTuuXYKXo5Uyi4hEHZzTSkjPdYB1qGxiwC7eXD9QZ02ygBDRNlbox0qP7uyFmkdT/yTWUxsR73CvE/r5VheOTlIk4zhJh/fxRmkmJCi6xoIBRwlH1DGFfCzEp5lynG0SRaNiE44ytPkqvdmnNQ27/Yq56cjuIokU2yRXaIQw7JCTknddIgnNyTR/JMXqwH68l6td6+S6esUc8G+QPr4ws/iKHj</latexit>

eX = [X ✓]T

SPDE-4DVarNet in inference mode

Step II: sampling the SPDE prior with estimated parameter   
<latexit sha1_base64="KT+/TMnO25nGPNJ41INSllqyArs="></latexit>

✓

Step III: computing the error samples from simulated SPDE states using the same mask as the 
real observations 

Step II: sampling “posterior” states as the combination of the neural interpolation of the real 
observations and of an error sample



SPDE priors with 4DVarNets for Satellite Altimetry  

 Performance wrt 4DVarNet  
baseline (nadir+SWOT OSSE)

Generated “posterior” samples



Lessons learnt



Take-Home messages

• Growing literature bridging DA, UQ, DL	

• Learning from simulations for applications to real data	

• Moving towards conditional generative approaches	

• State-of-the-art performance for the reconstruction and 
forecasting of ocean surface dynamics	

• Importance of collaborative interdisciplinary frameworks	



opening : architectures, workflows, datasets and codes 

e.g. : collaborative   
data challenges

Key for developing robust, well-proven evolutive solutions 

New French initiative to design ocean benchmarks: https://
github.com/ppr-ocean-ia/data-challenges-info 

 

Fostering interdisciplinary and open science	

https://github.com/ppr-ocean-ia/data-challenges-info
https://github.com/ppr-ocean-ia/data-challenges-info


Initiative “AI & Ocean”: Ocean Data Challenges 
https://github.com/ppr-ocean-ia/data-challenges-info

Scientific coordination: R. Fablet, IMT Atlantique 

Technological coordination: Q. Febvre, J.F. Pill (Ifremer), K. Ait Mohand, G. Cossio (IMT 
Atlantique), Q. Gaudel (Mercator Ocean Intl)  

Selected Benchmarks 
- DC1. Emulation of Global Ocean Reanalyses  

- Scientific lead: J. Le Sommer (IGE),  A El Aouni (Moi), S. Ouala (Odyssey), A. Storto (CNR) 
- DC2. Probabilistic short-term forecasting of global ocean dynamics  

- Scientific lead: L. Drumetz, F. Sévellec (Odyssey), J. Le Sommer (IGE), S. Metref (Dallas) 
- DC3. Arctic Sea Ice Forecasting  

- Scientific lead: S. Metref (Datlas),  P. Rampal (IGE), J. Brajard (NERSC) 
- DC4. High-resolution monitoring and forecasting of tropical cyclones  

- Scientific lead: Q. Febvre, A. Mouche, B. Chapron (Odyssey) 
- DC5. Marine Biodiversity Prediction  

- Scientific lead: J.O. Irisson (LOV), L. Guidi (LOV). D. Mouillot (Marbec), A. Joly (LIRMM) 

Distribution Date:  September 2025 (before Kick-Off workshop) 

Git organisation for the development phase: https://github.com/ppr-ocean-ia

https://github.com/ppr-ocean-ia/data-challenges-info
https://github.com/ppr-ocean-ia


• Model calibration/identification	
• Frezat et al. Physics-informed neural networks for sub-grid scale 

modeling in filtered turbulence. PRF, 2021. link	
• Frezat et al. A posteriori learning for quasi-geostrophic turbulence 

parametrization. arXiv, 2022. link	
• Ouala et al. Learning Runge-Kutta Integration Schemes for ODE 

Simulation and Identification. arXiv, 2021. link.	
• Ouala et al. Extending the extended dynamic mode decomposition 

with latent observables: the latent EDMD framework. MLST, 2023. link	

• Data assimilation and Forecasting	
• Ouala et al. Learning Latent Dynamics for Partially-Observed Chaotic 

Systems. Chaos, 2020. link
• Fablet et al. Learning Variational Data Assimilation Models and 

Solvers. JAMES, 2021. link	
• Lafon et al. Uncertainty quantification when learning dynamical 

models and solvers with variational methods. Preprint, 2022. link	
• Ouala et al. Bounded nonlinear forecasts of partially-observed 

geophysical systems (….) Physica D, 2022. link	
• Beauchamp et al. Learning Neural Optimal Interpolation Models and 

Solvers. MLDADS, LNCS, 2023. link	
• Cheng et al. Machine learning with data assimilation and UQ for 

dynamical systems: a review. IEEE/CAA JAS, 2023. link
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Thank you.

Visiting scholarships, 
PhD and postdoc 
opportunities 

AI4PEX
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