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Why the ocean(s) as sandbox ?

ML/DL & Physics

Focus on Learning variational models
for inverse problems

Beyond Ocean Dynamics



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

NATL 60

General question: how could data-driven/learning-based tools
contribute to solving sampling gaps and higher-level information ?



Illustration of satellite-derived sea surface
observations

SARaltimeters

SWOT

Ocean Colour SMOSradiometers
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Deepwater horizon [2010]

Collard et al., 2010



What about AI to solve
sampling gaps and infer

higher-level information ?



Context: Data-driven 
and learning-based 

approaches for ocean 
monitoring & 
surveillance



Learning & Geoscience: nothing new ?



Learning & Geoscience: Data-driven approaches for
data assimilation

The analog data assimilation [Lguensat et al., 2017]
• Combination of analog forecasting strategies and EnKF

assimilation schemes
• Extension to 2D+t geophysical dynamics

Open questions
• Bridging model-driven and data-driven paradigms
• Learning data-driven representations from real

observation data



Bridging ML/DL paradigms and Physics ?



Bridging Physics & AI: Expected breakthroughs
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Smart observing
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AI toolbox
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Reinforcement 
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Smart observing
systems

Representation
learning

Physical model Data-driven representation

@u

@t
+ hru, vi = �u
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AI toolbox
Machine 
(Deep) 

learning

GPU

Big dataAutomatic 
differentiation

Computational 
acceleration

Model-data 
synergies



Direct applications of DL schemes to physics-related
issues
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Making the most of AI and Physics Theory
• Model-Driven/Theory-Guided & Data-Constrained schemes

• Data-Driven & Physically-Sound schemes (eg, Ouala et al., 2019)
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Making the most of AI and Physics Theory
• Model-Driven/Theory-Guided & Data-Constrained schemes

• Data-Driven & Physically-Sound schemes (eg, Ouala et al., 2019)



DL representations for ODEs/PDEs (Neural ODE)

An example: Residual RK4 Bilinear Network [Fablet et al., 2018]

Xt F (t,Xt)
FC3FC2FC1

FXt F F F

Xt+1

Forecasting time step t0+h t0+4h t0+8h

Analog forecasting <10-6 0.002 0.005

Sparse regression <10-6 0.002 0.006

MLP <10-6 0.018 0.044

Bi-NN(4) <10-6 <10-6 <10-6

Noise-free training data



NN Generator from Symbolic PDEs (Pannekoucke et al., 2020)

Symbolic calculus
(Simpy)

PDE-GenNet
(keras)

0

@
µu(t)

⌃u(t)

1

A
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Uncertainty propagation
Ensemble-based 

prediction

NN prediction

Generated code
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Making the most of AI and Physics Theory
• Model-Driven/Theory-Guided & Data-Constrained schemes

• Data-Driven & Physically-Sound schemes (eg, Ouala et al., 2019)



Dealing with real systems, including
Irregularly-sampled, noisy and/or
partially-observed systems ?



Can we learn directly from observation data ?

End-to-end learning from irregularly-sampled data 
[Nguyen et al., 2019; Fablet et al., 2019]

Generic issue: 
Joint identification and inversion

Dynamical model 

Observation model

Yt = H(X, ⇣, t,�)

Xt Xt+1@tX = F (X, ⇠, t, ✓)



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)



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

bx = argmin
x

�1 kx� yk2⌦ + �2�(x)
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Variational cost 
for the true state



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)

<latexit sha1_base64="WldkMj6ln7gTUTJG1ZNEAR2q2Q0=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1iEuimJFNSFUHTjsoJ9QBPKZHLTDp08mJmoJRT8FTcuFHHrd7jzb5y2WWjrgQuHc+7l3nu8hDOpLOvbKCwtr6yuFddLG5tb2zvm7l5Lxqmg0KQxj0XHIxI4i6CpmOLQSQSQ0OPQ9obXE799D0KyOLpTowTckPQjFjBKlJZ65oHzwHwYEJU9jvEldhqSVUYnPbNsVa0p8CKxc1JGORo988vxY5qGECnKiZRd20qUmxGhGOUwLjmphITQIelDV9OIhCDdbHr+GB9rxcdBLHRFCk/V3xMZCaUchZ7uDIkayHlvIv7ndVMVnLsZi5JUQURni4KUYxXjSRbYZwKo4iNNCBVM34rpgAhClU6spEOw519eJK3Tql2rXtzWyvWrPI4iOkRHqIJsdIbq6AY1UBNRlKFn9IrejCfjxXg3PmatBSOf2Ud/YHz+AEE8lQo=</latexit>

bx = argmin
x

�1 kx� yk2⌦ + �2�(x)

<latexit sha1_base64="ZPiTORO2MLilTI13xmf331ZL10c="></latexit>

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

argmin
�

X

n

kxn � x̃nk2 s.t. x̃n = argmin
xn

U�(xn, yn,⌦n)
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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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Proposed scheme: joint learning of the variational model and solver

• Theoretical bi-level optimization

• Restated with a gradient-based NN solver for inner minimization

25

argmin
�,�

X

n

kxn � x̃nk2 s.t. x̃n =  �,�(x
(0)
n , yn,⌦n)
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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, !

Reconstructed states x

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

RU RU RU

Residual Unit (RU)

(….)

rxU�

⇣
x(k), y,⌦

⌘
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Automatic 
differentiationU� (x, y,⌦)
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LSTM or RNN cell�(k�1)

<latexit sha1_base64="fHlwXg86it6xyaobhoJ/jm9tiIY=">AAAB+HicbVBNS8NAEN34WetHox69LBahHiyJFNRb0YvHCvYD2lg2m0m7dLMJuxuhhv4SLx4U8epP8ea/cdvmoK0PBh7vzTAzz084U9pxvq2V1bX1jc3CVnF7Z3evZO8ftFScSgpNGvNYdnyigDMBTc00h04igUQ+h7Y/upn67UeQisXiXo8T8CIyECxklGgj9e1SLwCuyUNWGZ25pxPct8tO1ZkBLxM3J2WUo9G3v3pBTNMIhKacKNV1nUR7GZGaUQ6TYi9VkBA6IgPoGipIBMrLZodP8IlRAhzG0pTQeKb+nshIpNQ48k1nRPRQLXpT8T+vm+rw0suYSFINgs4XhSnHOsbTFHDAJFDNx4YQKpm5FdMhkYRqk1XRhOAuvrxMWudVt1a9uquV69d5HAV0hI5RBbnoAtXRLWqgJqIoRc/oFb1ZT9aL9W59zFtXrHzmEP2B9fkDXWGSQw==</latexit>

�(k)

<latexit sha1_base64="5K/fsDPHzHURF0LW20kDql7h+xg=">AAAB9HicbVDLSgNBEJyNrxhfUY9eBoMQL2FXAuot6MVjBPOAZA2zs51kyOzDmd5AWPIdXjwo4tWP8ebfOEn2oIkFDUVVN91dXiyFRtv+tnJr6xubW/ntws7u3v5B8fCoqaNEcWjwSEaq7TENUoTQQIES2rECFngSWt7odua3xqC0iMIHnMTgBmwQir7gDI3kdn2QyB7T8uh8SnvFkl2x56CrxMlIiWSo94pfXT/iSQAhcsm07jh2jG7KFAouYVroJhpixkdsAB1DQxaAdtP50VN6ZhSf9iNlKkQ6V39PpCzQehJ4pjNgONTL3kz8z+sk2L9yUxHGCULIF4v6iaQY0VkC1BcKOMqJIYwrYW6lfMgU42hyKpgQnOWXV0nzouJUK9f31VLtJosjT07IKSkTh1ySGrkjddIgnDyRZ/JK3qyx9WK9Wx+L1pyVzRyTP7A+fwAEQJGg</latexit>

x(1)

<latexit sha1_base64="cmx3E2Rqnsm04t4/QBQpS7SMdHk=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRahXsquFNRb0YvHCvYD2rVk02wbmk3WJCuWpX/CiwdFvPp3vPlvTNs9aOuDgcd7M8zMC2LOtHHdbye3srq2vpHfLGxt7+zuFfcPmlomitAGkVyqdoA15UzQhmGG03asKI4CTlvB6Hrqtx6p0kyKOzOOqR/hgWAhI9hYqf10n5a90wnqFUtuxZ0BLRMvIyXIUO8Vv7p9SZKICkM41rrjubHxU6wMI5xOCt1E0xiTER7QjqUCR1T76ezeCTqxSh+FUtkSBs3U3xMpjrQeR4HtjLAZ6kVvKv7ndRITXvgpE3FiqCDzRWHCkZFo+jzqM0WJ4WNLMFHM3orIECtMjI2oYEPwFl9eJs2ziletXN5WS7WrLI48HMExlMGDc6jBDdShAQQ4PMMrvDkPzovz7nzMW3NONnMIf+B8/gDygI9G</latexit>

x(K)

<latexit sha1_base64="8e1r6iW+lXUu1x0WGTyHXqR8aL8=">AAAB73icbVBNSwMxEJ31s9avqkcvwSLUS9mVgnorehG8VLAf0K4lm2bb0CS7JlmxLP0TXjwo4tW/481/Y9ruQVsfDDzem2FmXhBzpo3rfjtLyyura+u5jfzm1vbObmFvv6GjRBFaJxGPVCvAmnImad0ww2krVhSLgNNmMLya+M1HqjSL5J0ZxdQXuC9ZyAg2Vmo93aelm5Mx6haKbtmdAi0SLyNFyFDrFr46vYgkgkpDONa67bmx8VOsDCOcjvOdRNMYkyHu07alEguq/XR67xgdW6WHwkjZkgZN1d8TKRZaj0RgOwU2Az3vTcT/vHZiwnM/ZTJODJVktihMODIRmjyPekxRYvjIEkwUs7ciMsAKE2MjytsQvPmXF0njtOxVyhe3lWL1MosjB4dwBCXw4AyqcA01qAMBDs/wCm/Og/PivDsfs9YlJ5s5gD9wPn8AGkWPYA==</latexit>

x̃

<latexit sha1_base64="l3Saa5DdlcfJcFS9L3x1VQTdoHY=">AAAB8HicbVBNS8NAEN3Ur1q/qh69LBbBU0lEUG9FLx4r2A9pQ9lspu3S3STsTsQS+iu8eFDEqz/Hm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNHGqOTR4LGPdDpgBKSJooEAJ7UQDU4GEVjC6mfqtR9BGxNE9jhPwFRtEoi84Qys9dFHIELKnSa9ccavuDHSZeDmpkBz1XvmrG8Y8VRAhl8yYjucm6GdMo+ASJqVuaiBhfMQG0LE0YgqMn80OntATq4S0H2tbEdKZ+nsiY8qYsQpsp2I4NIveVPzP66TYv/QzESUpQsTni/qppBjT6fc0FBo4yrEljGthb6V8yDTjaDMq2RC8xZeXSfOs6p1Xr+7OK7XrPI4iOSLH5JR45ILUyC2pkwbhRJFn8kreHO28OO/Ox7y14OQzh+QPnM8fRz2Qvg==</latexit>

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 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)

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



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

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

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

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


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



Summary

• NNs as numerical schemes for ODE/PDE/energy-based
representations of geophysical flows

• Embedding geophysical priors in NN representations (e.g.,
Lguensat et al., 2019; Ouala et al., 2019)

• End-to-end architecture for jointly learning a representation
(eg, ODE) and a solver (e.g., Fablet et al., 2020)

• Towards stochastic representations embedded in NN
architectures (e.g., Pannekoucke et al., 2020, Nguyen etal., 2020)



Beyond Ocean Dynamics

Learning stochastic hidden dynamics



Learning stochastic hidden dynamics [Nguyen et al., 2018]

The example of AIS Vessel trajectory data

§ Millions of AIS positions daily

§ Noisy data: irregular sampling,
corrupted data

How can we learn from AIS data streams ?



Learning stochastic hidden dynamics [Nguyen et al., 2018]

Zt+�t|Zt
<latexit sha1_base64="y8N9VbeJjupFimiLwK45fw4IiJk=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSyCIJREBHVXdOOygrGlbQiTyaQdOnkwcyPUWPwVNy5U3Poh7vwbp20W2nrgwuGce7n3Hj8VXIFlfRulhcWl5ZXyamVtfWNzy9zeuVNJJilzaCIS2fKJYoLHzAEOgrVSyUjkC9b0B1djv3nPpOJJfAvDlLkR6cU85JSAljxzr+3lcNwNmACCYfTY9gBjz6xaNWsCPE/sglRRgYZnfnWDhGYRi4EKolTHtlJwcyKBU8FGlW6mWErogPRYR9OYREy5+eT6ET7USoDDROqKAU/U3xM5iZQaRr7ujAj01aw3Fv/zOhmE527O4zQDFtPpojATGBI8jgIHXDIKYqgJoZLrWzHtE0ko6MAqOgR79uV54pzULmr2zWm1flmkUUb76AAdIRudoTq6Rg3kIIoe0DN6RW/Gk/FivBsf09aSUczsoj8wPn8AAE6Ueg==</latexit><latexit sha1_base64="y8N9VbeJjupFimiLwK45fw4IiJk=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSyCIJREBHVXdOOygrGlbQiTyaQdOnkwcyPUWPwVNy5U3Poh7vwbp20W2nrgwuGce7n3Hj8VXIFlfRulhcWl5ZXyamVtfWNzy9zeuVNJJilzaCIS2fKJYoLHzAEOgrVSyUjkC9b0B1djv3nPpOJJfAvDlLkR6cU85JSAljxzr+3lcNwNmACCYfTY9gBjz6xaNWsCPE/sglRRgYZnfnWDhGYRi4EKolTHtlJwcyKBU8FGlW6mWErogPRYR9OYREy5+eT6ET7USoDDROqKAU/U3xM5iZQaRr7ujAj01aw3Fv/zOhmE527O4zQDFtPpojATGBI8jgIHXDIKYqgJoZLrWzHtE0ko6MAqOgR79uV54pzULmr2zWm1flmkUUb76AAdIRudoTq6Rg3kIIoe0DN6RW/Gk/FivBsf09aSUczsoj8wPn8AAE6Ueg==</latexit><latexit sha1_base64="y8N9VbeJjupFimiLwK45fw4IiJk=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSyCIJREBHVXdOOygrGlbQiTyaQdOnkwcyPUWPwVNy5U3Poh7vwbp20W2nrgwuGce7n3Hj8VXIFlfRulhcWl5ZXyamVtfWNzy9zeuVNJJilzaCIS2fKJYoLHzAEOgrVSyUjkC9b0B1djv3nPpOJJfAvDlLkR6cU85JSAljxzr+3lcNwNmACCYfTY9gBjz6xaNWsCPE/sglRRgYZnfnWDhGYRi4EKolTHtlJwcyKBU8FGlW6mWErogPRYR9OYREy5+eT6ET7USoDDROqKAU/U3xM5iZQaRr7ujAj01aw3Fv/zOhmE527O4zQDFtPpojATGBI8jgIHXDIKYqgJoZLrWzHtE0ko6MAqOgR79uV54pzULmr2zWm1flmkUUb76AAdIRudoTq6Rg3kIIoe0DN6RW/Gk/FivBsf09aSUczsoj8wPn8AAE6Ueg==</latexit><latexit sha1_base64="y8N9VbeJjupFimiLwK45fw4IiJk=">AAAB/HicbVDLSsNAFJ3UV62v+Ni5GSyCIJREBHVXdOOygrGlbQiTyaQdOnkwcyPUWPwVNy5U3Poh7vwbp20W2nrgwuGce7n3Hj8VXIFlfRulhcWl5ZXyamVtfWNzy9zeuVNJJilzaCIS2fKJYoLHzAEOgrVSyUjkC9b0B1djv3nPpOJJfAvDlLkR6cU85JSAljxzr+3lcNwNmACCYfTY9gBjz6xaNWsCPE/sglRRgYZnfnWDhGYRi4EKolTHtlJwcyKBU8FGlW6mWErogPRYR9OYREy5+eT6ET7USoDDROqKAU/U3xM5iZQaRr7ujAj01aw3Fv/zOhmE527O4zQDFtPpojATGBI8jgIHXDIKYqgJoZLrWzHtE0ko6MAqOgR79uV54pzULmr2zWm1flmkUUb76AAdIRudoTq6Rg3kIIoe0DN6RW/Gk/FivBsf09aSUczsoj8wPn8AAE6Ueg==</latexit>

Xt|Zt
<latexit sha1_base64="ELDVxhYdqX2gnxMWkzlOkv5Q6oo=">AAAB8XicbVBNS8NAEN34WetX1aOXxSJ4KokI6q3oxWMFY4tpCJvtpl262Q27E6HE/gwvHlS8+m+8+W/ctjlo64OBx3szzMyLM8ENuO63s7S8srq2Xtmobm5t7+zW9vbvjco1ZT5VQulOTAwTXDIfOAjWyTQjaSxYOx5eT/z2I9OGK3kHo4yFKelLnnBKwEpBJypg/PQQAcZRre423CnwIvFKUkclWlHtq9tTNE+ZBCqIMYHnZhAWRAOngo2r3dywjNAh6bPAUklSZsJievIYH1ulhxOlbUnAU/X3REFSY0ZpbDtTAgMz703E/7wgh+QiLLjMcmCSzhYlucCg8OR/3OOaURAjSwjV3N6K6YBoQsGmVLUhePMvLxL/tHHZ8G7P6s2rMo0KOkRH6AR56Bw10Q1qIR9RpNAzekVvDjgvzrvzMWtdcsqZA/QHzucPRa6QyA==</latexit><latexit sha1_base64="ELDVxhYdqX2gnxMWkzlOkv5Q6oo=">AAAB8XicbVBNS8NAEN34WetX1aOXxSJ4KokI6q3oxWMFY4tpCJvtpl262Q27E6HE/gwvHlS8+m+8+W/ctjlo64OBx3szzMyLM8ENuO63s7S8srq2Xtmobm5t7+zW9vbvjco1ZT5VQulOTAwTXDIfOAjWyTQjaSxYOx5eT/z2I9OGK3kHo4yFKelLnnBKwEpBJypg/PQQAcZRre423CnwIvFKUkclWlHtq9tTNE+ZBCqIMYHnZhAWRAOngo2r3dywjNAh6bPAUklSZsJievIYH1ulhxOlbUnAU/X3REFSY0ZpbDtTAgMz703E/7wgh+QiLLjMcmCSzhYlucCg8OR/3OOaURAjSwjV3N6K6YBoQsGmVLUhePMvLxL/tHHZ8G7P6s2rMo0KOkRH6AR56Bw10Q1qIR9RpNAzekVvDjgvzrvzMWtdcsqZA/QHzucPRa6QyA==</latexit><latexit sha1_base64="ELDVxhYdqX2gnxMWkzlOkv5Q6oo=">AAAB8XicbVBNS8NAEN34WetX1aOXxSJ4KokI6q3oxWMFY4tpCJvtpl262Q27E6HE/gwvHlS8+m+8+W/ctjlo64OBx3szzMyLM8ENuO63s7S8srq2Xtmobm5t7+zW9vbvjco1ZT5VQulOTAwTXDIfOAjWyTQjaSxYOx5eT/z2I9OGK3kHo4yFKelLnnBKwEpBJypg/PQQAcZRre423CnwIvFKUkclWlHtq9tTNE+ZBCqIMYHnZhAWRAOngo2r3dywjNAh6bPAUklSZsJievIYH1ulhxOlbUnAU/X3REFSY0ZpbDtTAgMz703E/7wgh+QiLLjMcmCSzhYlucCg8OR/3OOaURAjSwjV3N6K6YBoQsGmVLUhePMvLxL/tHHZ8G7P6s2rMo0KOkRH6AR56Bw10Q1qIR9RpNAzekVvDjgvzrvzMWtdcsqZA/QHzucPRa6QyA==</latexit><latexit sha1_base64="ELDVxhYdqX2gnxMWkzlOkv5Q6oo=">AAAB8XicbVBNS8NAEN34WetX1aOXxSJ4KokI6q3oxWMFY4tpCJvtpl262Q27E6HE/gwvHlS8+m+8+W/ctjlo64OBx3szzMyLM8ENuO63s7S8srq2Xtmobm5t7+zW9vbvjco1ZT5VQulOTAwTXDIfOAjWyTQjaSxYOx5eT/z2I9OGK3kHo4yFKelLnnBKwEpBJypg/PQQAcZRre423CnwIvFKUkclWlHtq9tTNE+ZBCqIMYHnZhAWRAOngo2r3dywjNAh6bPAUklSZsJievIYH1ulhxOlbUnAU/X3REFSY0ZpbDtTAgMz703E/7wgh+QiLLjMcmCSzhYlucCg8OR/3OOaURAjSwjV3N6K6YBoQsGmVLUhePMvLxL/tHHZ8G7P6s2rMo0KOkRH6AR56Bw10Q1qIR9RpNAzekVvDjgvzrvzMWtdcsqZA/QHzucPRa6QyA==</latexit>

NN-based
models

Model training from noisy AIS streams using variational Bayesian
approximation

Hidden
regimes

Noisy 
data



Learning stochastic hidden dynamics [Nguyen et al., 2018]

Trajectory
reconstruction

Vessel type 
recognition

~88% of correct 
recognition

6.107 AIS data
(January 2014)

Abnormal behaviour detection



Beyond Ocean Dynamics

Dynamical System Theory for Deep
Learning



Understanding DL models ?

Szegedy et al., 2015



Understanding ResNets [Rousseau et al., 2019]

[Dramms tutorial]
[Matlab tutorial]

ResNet [He et al., 2015] regarded as space registration machines

• Image registration examples



Understanding ResNets [Rousseau et al., 2019]
ResNet [He et al., 2015] regarded as space registration machines

Original 

feature

space

Registered space to make feasible a linear

separation between classes 



Éz »e’
AI Chair OceaniX 2020-2024

Physics-informed AI 
for Observation-Driven Ocean AnalytiX

PI: R. Fablet, Prof. IMT Atlantique, Brest 
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Internship, PhD and 
postdoc opportunities

(https://rfablet.github.io/)

https://rfablet.github.io/


Joint work with B. Chapron, F. Collard, L. Drumetz, J. Le
Sommer, R. Lguensat, D. Nguyen, S. Ouala, A. Pascual, F.
Rousseau, P. Tandeo, J. Verron, O. Pannekoucke, …

More:
• Webpage: https://rfablet.github.io/
• Preprints:

https://www.researchgate.net/profile/Ronan_Fablet

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

