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General	context		

Introduction	to	deep	learning	and	NNs	

Bridging	 physics	 paradigms	 and	 deep	
learning		

Beyond	Ocean	Dynamics		



How	to	solve	sampling	gaps	and	extract	high-level	 information	 for	
ocean	monitoring	and	surveillance	?

General	question

Remote	sensing Physical	modeling

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

NATL	60



Illustration	 of	 satellite-derived	 sea	 surface	
observations

SARaltimeters

SWOT

Ocean	Colour SMOSradiometers



What	about	deep	learning	to	
solve	sampling	gaps	and	infer	
higher-level	information	?



Learning	&	Geoscience:	an	old	story	?

EOF/PCA

Analogs	/	
Nearest-
neighbors



Learning	 &	 Geoscience:	 Data-driven	 approaches	 for	
data	assimilation

Analogs

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		



General	context		

Introduction	to	deep	learning	and	NNs	

Bridging	 physics	 paradigms	 and	 deep	
learning		

Beyond	Ocean	Dynamics		



Introduction	to	Deep	Learning	



Resources 

• Book: Deep Learning 
Goodfellow, Bengio, Courville, MIT Press 
Online version http://www.deeplearningbook.org/ 

• Online course by Andrew Ng (Stanford/Baidu) 
Youtube: link 
Online course on Coursera: link 

• Review paper: Deep learning in neural networks by  
    J. Schmidhuber 

pdf: link 



What's	Deep	Learning?

Artificial	Intelligence

Machine	Learning

SVM

Random	
Forest

Deep		
Learning

Nearest-	
Neighbour



From	Image	to	Text		
(image	captioning)



Automatic	Translation

Early
	201
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and	many	more…….



Key reasons for the emergence of DL

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

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

+



What’s learning (for a computer) ?

1 Prediction

2 Loss

3 Update parameters

x
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parameters 
(to learn)
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true target

loss

2

optimization
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What’s learning (for a computer) ?

Mathematical formulation: Learning comes to minimising some loss 

function given w.r.t. model parameters and training data

Key questions:

• Which parameterisation for model f ?

• Which loss function ? 



Deep learning models



Neural networks: 
composition idea

• Approximation through the composition of (simple) 
elementary functions: 

• Key features: 

• Any continuous function can be approximated as the 
composition of elementary functions


• Analytical/exact computation of the derivative of f with 
respect to parameters and input variables


• Direct exploitation of gradient-based optimisation 
schemes for learning



Neural networks: automatic differentiation
• Given the general composition idea: 

• NNs can implement automatic differentiation knowing the 
symbolic differentiation for elementary functions: 

• AD example: https://pytorch.org/tutorials/beginner/blitz/autograd_tutorial.html 

• Basis of the backpropagation algorithm (similar to adjoint method) 

• Resulting gradient descent for learning model parameters:



Deep learning models
DL models are (in general) feedforward models. VGG16 as an illustration 

Input layer

(image)

Output layer

(class vector)(hidden) model layers


Here, 22 layers

The more layers, the deeper…… Some models may have up to several hundreds to thousands of layers.

Depth



Basics of DL models
DL models are (in general) feedforward models. VGG16 as an illustration 

Elementary 
 components Convolution layers Activation layers Pooling layers Dense layers



Basics of DL models

Elementary 
 components Convolution layers Activation layers Pooling layers Dense layers

Number of parameters:

Filter size x Number of filters 


e.g. 3x3xKxNfilt


Independent on the sizes of the input 
and output layer



Basics of DL models

Elementary 
 components Convolution layers Activation layers Pooling layers Dense layers

ReLU

(Rectified Linear 
Unit)

Sigmoid



Basics of DL models

Elementary 
 components Convolution layers Activation layers Pooling layers Dense layers

An example of max-pooling operator Pooling downsamples the input layer



Basics of DL models

Elementary 
 components Convolution layers Activation layers Pooling layers Dense layers

Dense layers 

or 

Fully-connected (FC) layer


as in a classic MLP 



Let’s play with MLPs using 
tensorflow playground 

http://playground.tensorflow.org/



General context  

Introduction to deep learning and 
NNs 

Bridging physics paradigms and 
deep learning  

Beyond Ocean Dynamics  



Deep Learning applied to physics  



Direct	 applications	 of	 DL	 schemes	 to	 physics-related	
issues		



How	to	(directly)	apply	DL	to	physics-related	issues	?		
Build	a	groundtruthed	dataset1 Design	or	choose	an	architecture2

Many	architectures	available	online	
(VGG,	ResNet,	U-Net,….)

Choose	a	DL	framework3 Learn	the	model4
Select	a	training	loss	

Optimize	model	parameters	using		
optimizers	 embedded	 in	 DL	
frameworks

A	toy	example	using	Tensorflow-Keras:	https://
www.tensorflow.org/tutorials/keras/classification	



How	 to	 exploit	 physics	 prior	 in	 deep	
learning	schemes?	



How	to	embed	physics-driven	priors	in	DL	models	?		

An	illustration	through	neural	ODE	for	Lorenz-63	dynamics	(Fablet	et	al.,	2018)

Associated	Euler	integration	scheme

NN	architecture	for	differential	operator

Bilinear	architecture

NN	architecture	for	integration	scheme

+

ResNet	architecture	(Residual	Network)



How	to	embed	physics-driven	priors	in	DL	models	?		

An	illustration	through	neural	ODE	for	Lorenz-63	dynamics	(Fablet	et	al.,	2018)

Generalization	to	higher-order	integration	schemes	(eg,	RK4)

with

NB:	Same	number	of	trainable	model	
parameters	as	the	Euler-based	architecture



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

Analog	forecasting <10-6 2.01 2.2

Bi-NN(4) <10-6 0.054 0.14

Noisy	training	data	(σ=0.5)
Noise	 standard	 deviation	 in	
training	data

0 0.25 1

True	model 0.50 - -

Analog	forecasting 0.65 1.17 1.81

Bi-NN(4) 0.60 0.75 0.86

Assimilation	experiment		
(1	obs.	every	8	time	steps)

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

Forecasting	experiments

How	to	embed	physics-driven	priors	in	DL	models	?		

An	illustration	through	L63	dynamics:	numerical	experiments	(Fablet	et	al.,	2018)



Bridging	physics	&	AI:	a	broader	picture
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Representation	
learning

Physical	model Trainable	representation

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

• Data-Driven	&	Physics-Aware	schemes	(eg,	Ouala	et	al.,	2019)



Bridging	physics	&	AI:	a	broader	picture
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Model-
driven 

Data-
driven 

Data-driven & 
Physics-aware 

Physics-informed & 
Data-constrained 

Analog methods 
Kernel methods 
Neural Networks 

…..

ODEs/PDEs 
Variational models 
State-space models 
Data Assimilation 

….

Link	to	
animation



Bridging	physics	&	AI:	Expected	breakthroughs
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Representation	
learning

Physical	model Data-driven	representation

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)



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

Symbolic	calculus	
(Simpy)

PDE-GenNet	
(keras)

ResNet

Uncertainty	propagation
Ensemble-based	
prediction

NN	prediction

Generated	code



Bridging	physics	&	AI:	Expected	breakthroughs
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Representation	
learning

Physical	model Data-driven	representation

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)



Deep	 learning	 for	 irregularly-sampled	
and	partially-observed	systems	



Can	we	learn	directly	from	observation	data	?	

learning	 for	 partially-observed	 systems	 /	 from	
irregularly-sampled	data	[Ouala	et	al.,	2020;	Fablet	et	al.,	2020]

Generic	issue:		
Joint	identification	and	inversion

Dynamical model 

Observation model



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

Partial	observations	y

True	states	x

State-space	formulation:	

Associated	variational	formulation:	

	

with



4DVar	Data	Assimilation	(DA)	formulation

Partial	observations	y

True	states	x

Model-driven	schemes:	

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

Implementation	of	4DVar	Data	Assimilation	using	Deep	Learning	frameworks	

• Implement	 operator	𝛷	 as	 a	 neural	 network	 (e.g.,	 neural	ODE	 architecture	w.r.t.	 a	
known	dynamical	operator)	

• Use	 embedded	 automatic	 differentiation	 tool	 to	 implement	 the	 above	 gradient	
descent	without	deriving	analytically	the	adjoint	operator	

• Link	to	an	example	for	L63	dynamics:	https://colab.research.google.com/drive/
1SyU6PzOAzgBz4_U_5WbPMriwT4bLXKvh?usp=sharing	

	



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	
	

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: CNN

…….

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: CNN

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



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: CNN

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

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

48

I terat ive NN solver using automatic 
differentiation to compute gradient  



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)

(….)

Automatic 
differentiation

NN model for

LSTM or RNN cell



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

Parameterization 
using (learnable) 

ODE operator

Neural integrator

U-Net
Two-scale  
U-Net-like 

Parameterization 
(Gibbs Field)



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



An	application	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)

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 



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



Neural ODE for partially-observed systems [Ouala et al., 2020]

X1 Learning Latent (unobserved)
dynamics

dtZt = �✓(Zt)
<latexit sha1_base64="ZmCOUaO5vdAMZKJZVO0CTvJILkg=">AAACA3icbVBNS8NAEN3Ur1q/qt70sliEeimJCnoRil48VrAf2ISw2W7bpZtN2J0IJRS8+Fe8eFDEq3/Cm//GTZuDVh8MPN6bYWZeEAuuwba/rMLC4tLySnG1tLa+sblV3t5p6ShRlDVpJCLVCYhmgkvWBA6CdWLFSBgI1g5GV5nfvmdK80jewjhmXkgGkvc5JWAkv7zX8+HOB3zhNobcd2HIgFRxphz55Ypds6fAf4mTkwrK0fDLn24voknIJFBBtO46dgxeShRwKtik5CaaxYSOyIB1DZUkZNpLpz9M8KFRergfKVMS8FT9OZGSUOtxGJjOkMBQz3uZ+J/XTaB/7qVcxgkwSWeL+onAEOEsENzjilEQY0MIVdzciumQKELBxFYyITjzL/8lreOac1Kzb04r9cs8jiLaRweoihx0huroGjVQE1H0gJ7QC3q1Hq1n6816n7UWrHxmF/2C9fENEtaWfg==</latexit>

Objectives: acccurate
short-term forecast and 
realistic « long-term » 

patterns for X1

Illustration for L63 assuming only the first components is observed

Approach: trainable
variational formulation 
with latent dynamics



Neural ODE for partially-observed systems [Ouala et al., 2019]

Problem statement: end-to-end learning of the latent (augmented)
space and of the associated dynamics

Observed
variables

Unknown
variables @tXt = f✓ (Xt)

<latexit sha1_base64="FShx9PZrVp3CBeuPZUNH6fmHkTs=">AAACFnicbVDLSgNBEJyNrxhfUY9eBoMQD4ZdFfQiBL14jGAekA3L7KQ3GTL7YKZXCCFf4cVf8eJBEa/izb9xNslBEwsaiqpuurv8RAqNtv1t5ZaWV1bX8uuFjc2t7Z3i7l5Dx6niUOexjFXLZxqkiKCOAiW0EgUs9CU0/cFN5jcfQGkRR/c4TKATsl4kAsEZGskrnrgJUyiY9JC2TF3RwHOxD8ioKyFAWs5kV4leH+mxVyzZFXsCukicGSmRGWpe8cvtxjwNIUIumdZtx06wM8pWcgnjgptqSBgfsB60DY1YCLozmrw1pkdG6dIgVqYipBP198SIhVoPQ990hgz7et7LxP+8dorBZWckoiRFiPh0UZBKijHNMqJdoYCjHBrCuBLmVsr7TDGOJsmCCcGZf3mRNE4rzlnFuTsvVa9nceTJATkkZeKQC1Ilt6RG6oSTR/JMXsmb9WS9WO/Wx7Q1Z81m9skfWJ8/EbqeCA==</latexit>

Dynamical model in the
latent space

Goals:
1. Learn model parameters θ from observed time series
2. Forecast future observed states given previous ones

Proposed approach: WC 4DVar formulation with an unknown
dynamical model

Xt =

✓
xt

zt

◆

<latexit sha1_base64="LXddWmClr0WOwAuTBe1y8gh9TrM=">AAACKHicbVDLSgMxFM34dnxVXboJFkE3ZUYF3YiiG5cVrBY6Zcikd9pgJjMkd8Q69HPc+CtuRBTp1i8xrbPwdSDhcM69N7knyqQw6HlDZ2Jyanpmdm7eXVhcWl6prK5dmTTXHBo8laluRsyAFAoaKFBCM9PAkkjCdXRzNvKvb0EbkapL7GfQTlhXiVhwhlYKK8fNEOkRDSTESLdpEEFXqIJpzfqDgg/cuxCDwL0f3wGoTmm5gRbdHtKdsFL1at4Y9C/xS1IlJeph5SXopDxPQCGXzJiW72XYtmNRcAl2cG4gY/yGdaFlqWIJmHYxXnRAt6zSoXGq7VFIx+r3joIlxvSTyFYmDHvmtzcS//NaOcaH7UKoLEdQ/OuhOJcUUzpKjXaEBo6ybwnjWti/Ut5jmnG02bo2BP/3yn/J1W7N36vtXuxXT07LOObIBtkk28QnB+SEnJM6aRBOHsgTeSVvzqPz7Lw7w6/SCafsWSc/4Hx8AoQmpaw=</latexit>



Neural ODE for partially-observed systems [Ouala et al., 2020]

Illustration on Lorenz-63 dynamics

Analog Forecasting

Proposed model



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]	

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	



AI	Chair	OceaniX	2020-2024 

Physics-informed	 AI	 for	 Observation-
Driven	Ocean	AnalytiX	

PI:	R.	Fablet,	Prof.	IMT	Atlantique,	Brest	
Web:	https://cia-oceanix.github.io/
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Thank	you.

Internship,	PhD	
and	postdoc	
opportunities	


