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#0 old friends



#1 The technology is ready (and easy‐to‐use)

136.106 parameters

End‐to‐end learning



#2 Plug‐and‐play use of end‐to‐end learning

HR snapshots
« Denoised » tide‐

free output

Learning‐based «Noise» removal in HR snapshots (here,
Laplacian of SSH fields, Osmosis region)



#3 Beyond black boxes: Physics‐informed
learning‐based representations

PDE/ODE NN representation

Numerical integration schemes as ResNets [He etal. 2015]



Learning‐based Downscaling for Ocean
Currents [Fablet et al., 2019]
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Can we learn geophysically‐sound models?
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Learning latent dynamics for partially‐
observed systems [Ouala et al., 2019]

X1 Latent (unobserved)
dynamics

Realistic « long‐
term » simulations



Bridging ocean science & DL/ML: Data
challenges as a key instrument ?
Shared benchmarking datasets/platforms to accelerate
ML/DL breakthroughs

Relevant for ocean/swot challenges ?
Means to draw data scientists’ interest ?

Benchmarking expriments for image
classification models on open dataset

Open (training) 
dataset

Evaluation framework

Data challenge workshop 
/platform

(eg, codalab, ramp, kaggle)
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The example of analog methods. Nothing new?

Recent revival and extension of analog methods:
• Downscaling, forecasting (eg, Shenk & Zorita, 2012)
• Analog data assimilation (Lguensat et al., 2017)
• Extension to geophysical fields (Fablet et al., 2017)
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Deep learning models

136.106 parameters

End‐to‐end learning



DL representations for ODEs/PDEs

PDE/ODE NN representation

Numerical integration schemes as ResNets [He etal. 2015]



So what ? Exploring open and new challenges
from a AI viewpoint

• Identification of
governing equations

• Computationally‐efficient
models

• Improved forecasting &
reconstruction

• Autonomous/adaptive
observing systems



Learning from observation data [Ouala et al., 2019]



From proof‐of‐concept to actual impacts
what’s needed /expected ?



From proof‐of‐concept to actual impacts:
Panel session «JT IA‐OAC, 06/02/2019»
Supporting the emergence of a scientific community
Applied Math. ‐ Data Science ‐ OA Science

• Workshops, Data challenges, … (e.g., AI4GeoDyn)
• Joint projects (e.g., LEFE‐MANU IA‐OAC, ANR MeLODY)

Computational resources and data management issues
• GPUs with data storage (e.g., Azure/Google, Jean Zay,…)
• Hosting reference datasets/data challenges

Supporting training initiatives
• Training course (e.g., Data Science for Geoscience)
• PhD/postdoc programs



Learning‐based Downscaling for Ocean
Currents [Fablet et al., 2019]

HR reference HR prediction

Currents

LR input

Subgrid‐scale
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Learnt differential
operators


