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

&% % Date: 2013-01-13



Illustration of satellite-derived sea surface
observations
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What about deep learning to
solve sampling gaps and infer
higher-level information ?

% % Date: 2013-01-13



earning & Geoscience: an old story ?

Empirical Orthogonal Functions

and Statistical Weather Prediction

by
EDWARD N. LORENZ

MASSACHUSETTS INSTITUTE OF TECHNOLOGY

DEPARTMENT OF METEOROLOGY
Cambridge, Massachusetts

Scientific Report No. 1
STATISTICAL FORECASTING PROJECT

OF/PC

SEARCH CENTER, AIR RESEARCH AND DEVELOPMENT
COMMAND, UNDER CONTRACT NO. AF19(604)1566.
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Deterministic Nonperiodic Flow*

Epwarp N. LorEnz
Massachusetts Ingiiswie of Technalogy
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Finite systems of deterministic ordinary noelinear differeatia] equations may be designed to represent
forced dissipative hydrodynamic fiow. Solutions of these equations can be identified with trajectories in
phase space. For thosa systems with bounded solutions, it is found that noaperiodic solutions are ardinarily
unstable with respect to small modifications, so that slightly differing initial states can evolve into consider-
ably different states. Systems with bounded solutions are shown to possess bounded numerical solutions.

A simple systees repi ing collular fon is solved ically. All of the solutions are fownd
to be unstable, and almest all of them are nonperiodic,

The feasibliity of very-iong-range weather prediction is examined in the light of these results.

Introduction Thus there are occazions when more than the statistics

. oy of irregular flow are of very real concern.
Certain hydrodynamical systems exhibit steady-state s o cpe
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Learning & Geoscience: Data-driven approaches for

data assimilation

OCTORER 2017 LGUENSAT ET AL. 4093

The Analog Data Assimilation

REDOUANE LGUENSAT AND PIERRE TANDEO
IMT Adlantique, Lab.STICC, Universint Bretagne Loire, Brest, France

PIERRE AILLIOT

Laborawire de Mathématiques de Bretagne Atlantique, University of Western Brittany, Brest, France

MANUEL PuLiDO

Departmens of Physics, Universidad Nacions! del Nordeste, and CONICET, Corrientes, Argentina

RONAN FABLET

IMT Asfantique, Lab-STICC, Université Bresagne Loire, Brest, France

(Manuscript teceived 23 Novembet 2016, in fimal form 31 July 2017)

ABSTRACT

Pure Dynamical Model Forecast 5[)}'&7«1
— Le(t ; — /7%
o St e [ /)

A — dy(t) . — i
— —g =W (p-20) —y¢t) ——®/ 1Y

T\ e l— /
NG T dz .
" S = 2y - B20) o

T Lorenz-63 equations T

<
ls
th
P

at
MY

The analog data assimilation [Lguensat et al., 2017]

e Combination of analog forecasting strategies and EnKF
assimilation schemes
Extension to 2D+t geophysical dynamics

| Ocean and surface water
topography measurements

Open questions

e  Bridging model-driven and data-driven paradigms
e Learning data-driven representations from
observation data
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Introduction to deep learning and NNs,;fi*‘
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Resources

® Book: Deep Learning
Goodfellow, Bengio, Courville, MIT Press

Online version http://www.deeplearningbook.org/

e Online course by Andrew Ng (Stanford/Baidu)
Youtube: link
Online course on Coursera: link
e Review paper: Deep learning in neural networks by
J. Schmidhuber
pdf: link

——
o "'ﬂ Neural Networks

LSl wmat eaage: we st oS i

Review

Deep learning in neural networks: An overview @u....,,.
Jurgen Schmidhuber

ABSTRACT

.
and effects. | seview docp wapervined learnicg (w0 recapiusating the bisry of

poegrares encoag dee) 06 Lgo SeTworks
© 256 mabkshen by peves U




What's Deep Learning?

Random
Forest

Nearest-
Neighbour




From Image to Text
(image captioning)

A little girl sitting on a bed with a teddy bear. A group of people sitting on a boat in the water.

- >~ = ;.-

Vinyals et al., ICML 2014



Automatic Translation

Google
Traduction

Angfals  Frangals Arabe  Détecter ia langue  ~

Ce cours sur I'apprentissage profond est génial.| x

7 Suggerer ura medification

DeeplL

Translate from FRENCH (detected) v

Translate into ENGLISH Vv
Ce cours sur I'apprentissage profond est génial.| This course on deep learning is great.

and many more.......



Key reasons for the emergence of DL

-=-NVIDIA GPU ~=-x86 CPU

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

224%224x3 224 X 224 x 64
¥ Keras & e ™
112x 112 % 128 P mepcokee

7 Fully connected + Rell
¢ U softmax

q 56 x 56 x 256

TensorFlow PYTORCH Wjﬁ@j s

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




What’s learning (for a computer) ?

EMPu,E daka 1

Prediction | l
Loss A
arameters
Update parameters } P
(to learn)
J A
| !
true target Y ! ~ prediction ¥

\/

loss > op&imiz.o&iou




What’s learning (for a computer) ?

Mathematical formulation: Learning comes to minimising some loss

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

h = arg méinﬁ ({ﬂii,yi}z‘e{l,..,N}; fe)

Key questions:
«  Which parameterisation for model f ?

* Which loss function ?



Deep learning models



Neural networks:
composition idea

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

fo(z) = fon ©...0 fo, 0 fo,(x)

o 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

e Given the general composition idea:

fg(il?) — f9N O... Of92 Ofel(x)

e 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)
e Resulting gradient descent for learning model parameters:

§ = arg meinﬁ (@i yiti; fo) —> g*+D) — glk+1) 4\, v, L ({2i> i }4s fo)



Deep learning models

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

224 % 224 %3 224 x 224 x 64

]

@ Convolution 4 RelU
112 % 112 % 128 P maxpooling

Fully connected + Rell
] softmax

7x7x512
14 x 14 x 512

r f»’ (T [l Y . 1x1x4096 1x1x1000
A L )

Input layer . Output layer
(image) s:‘g:se;; T;c))lcejfsl layers (class vector)
Depth

The more layers, the deeper

Some models may have up to several hundreds to thousands of layers.



Basics of DL models

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

224X 224 %3 224 x 224 x 64

@ Convolution 4+ Rell
112 % 112 % 128 (P maxpooling

[/ Fully connected + Rell
softmax

7Tx7x512

14 x 14 x512

1x1x4096 1x1x1000
r  m— c—




Basics of DL models

224 x 224 %3 224 x 224 x 64
@ Convolution - RelU

112112 % 128 W B s d
([—j Fully connected + Rell
56 x 56 x 256 —J) sofmax
7x7x512

28 x 28 x 512

— — v 1x1x4096 1x1x1000
4 4 e

Convolution layers

Number of parameters:
Filter size x Number of filters

\ .
E::; -0 e.g. 3x3xKxNfilt
S Independent on the sizes of the input
B and output layer
Feature
Map

A
\4

All Feature Maps



asics of DL models

224 % 224 %3 224 x 224 x 64
@ Convolution  RelU

112x 112 % 128 (- maxpooling
F) Fully connected + Rell
56 x 56 x 256 ﬂ softmax
28 x 28 x 512 7x7x512
14 x 14 x512

o TACA Y 1x1x4096 1x1x1000
r r—r—

Activation layers

f(u) = max(0,u) Sigmoid Function 0(2) = —1_, \
A 10
Sigmoid
Tos
0.0 —
o 4 10

0 5
z= Zw;x, +bias /




Basics of DL models

224 % 224 %3 224 x 224 x 64
] Convolution + Rell)

_p maxpooling

l("ﬁ T

7x7x512

— i v 1x1x4096 1x1x1000
4 4 e

Pooling layers

/ An example of max-pooling operator Pooling downsamples the input layer \
Single depth slice 224x224x64
2 - max pool with 2x2 filters ~—— 717 1
5 6 |7 | 8 andstride? 6
3(211|6 [
1 ‘ 213 |4

: 112
224 downsampling .
\ y 12 /




asics of DL models

224 % 224 %3 224 x 224 x 64
@ Convolution 4 RelU

112 x 112 x 128 #_maxoooline
) Fully connected + Rell
56 x 56 x 256 [P *oromex
28 x 28 x 512 7x7x512
14x 14 x512

' — — "a— A 1x1x4006 1x1x1000
r 1§ e

Dense layers

N

Dense layers
or
Fully-connected (FC) layer

— arg max 9
=

o=@W- -x+b)

0

784

Label

as in a classic MLP

S W 0

? ] Y i E N~
\ Input data Input layer Output layer /




Let’s play with MLPs using
tensorflow playground

http://playground.tensorflow.org/
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Direct applications of DL schemes to physics-related
issues S—

3 Contents lists available at Sclenebisect
Physics Letters B

Remote Sensing of Environment

journal hamapage: www alanviar comilneat
@L""“"‘-'” Deep learning at scale for the construction of galaxy catalogs in the "
. ) . . Dark Energy Survey =
!Jlscoygrmg governmg equations _from data by sparse Asad Khan**, EA. Huerta ™", Sibo Wang ', Robert Gruend! -, Elise Jeanings". Classification of the global Sentinel-1 SAR vignettes for ocean surface
identification of nonlinear dynamical systems Huihuo Zheng process studies

e a1l U%4

‘ Steven L Brunton™', Joshua L Proctor”, and ). Nathan Kutz'

ire) Unbeurity of Wishingon, Somtie, WIA 8105, Swatute for hsedse Msclivg, Befinie, WA 96005,

Chen Wang“""', Pierre Tandeo'
Nicolas Longepe”, Douglas Van_*

e fumy

IMENTR. Uiy, Fvest. CNRS. D, Coborarsd

Faborutery, Uiy of
Aophed P Laberasary, Liversicy o Wesbiogic

i of Dyramics

arvven dsten b

- e X X
dm | 5
1 i -
{| s T
Atmospheric boundary Rain cells Atmaosphenc front
i 1 layer
v =8}
1L Sprarse Regiesdon o Sobve for Active Terms [n the Dyramics

FILTERING INTERNAL TIDES FROM WIDE-SWATH ALTIMETER DATA USING
CONVOLUTIONAL NEURAL NETWORKS

Redouane Lguensar*', Ronan Fabler®, Julien Le Sommer', Sammy Metref ', Emmanuel Cosme',
Kaouther Ouenniche®, Lucas Drumetz”, Jonathan Gula®

Deep learning to represent subgrid processes in
! Université Grenoble Alpes, CNRS, IRD, Grenoble INP, IGE; Grenoble, France

i - :
climate models o 2 IMT Atlantique, LabSTICC, Université Bretagne Loire; Brest, France
Stophan Rasp*™', Michael 5. Pritchard®, and Piarre Gentine“d A = 3 Ifremer, LOPS; Brest, France
amaisepiiiadirenuimRRS a
Corama bty W Yo M 10027 e, Earh s, € — e = $4K | = SPCAM [
01 by s M. ek, Gopkat g Dy Lisomts Matonal onka| 10 = NNCAM —
2018 (recehed for review June 14 2018) = SSH with tide Baseline ConvNetlSSH ConvNet3SSH ConvNet3GAN ConvNet3SsST GroundTruth
2 s CTRLCAM ey The upd - [ = = " o :
3 10~ ) satellite
Ea —  high-res|
-3 - thus all
§ 10 T undaiy
“ 107
10" N
~ S
e, T
107% = T T T T T Y 1
0 50 100 150 200 250 300 350
Precipitation [mm d~})




How to (directly) apply DL to physics-related issues ?

@ Build a groundtruthed dataset \

L ]
- -i

Atmos ph b:mnd ary

L

/

SN

Tensor

L

@ Choose a DL framework

Keras

PYTHRCH

~

/

@ Design or choose an architecture\

Inception 7a
P Convolution

Pooling
Other

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

/
@ Learn the model \

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
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How to embed physics-driven priors in DL models ?

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

dy[(:) =z(t) (p — 2(t)) — y(t)

d (f) = ;I'(f) .l/({) - *”‘1:({)

Lorenz-63 equations

GN architecture for differential operatm

T T 1)
X H b ‘UFQ (X(t))
O~

\ Bilinear architecture

/

Associated Euler integration scheme

X(1))

T 4 X (t) = Fy (
b)Y L X(t+68)=X(t)+6-Fp(X(t))

/ 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)

() — o (y(t) — ()

1(:) =z(t) (p — z(t)) —y(t)
(f) 2(t)y(t) — B2(t)

/-\

~

=T

1

')
<

(

dt

Lorenz-63 equations

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

0 (X (1))

Xi—

|

ﬂF(t,Xt)
J

ﬂ\\
Felr e h@h\}
— ) A D Xt11

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



How to embed physics-driven priors in DL models ?

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

[ Forecasting experiments 1
Noise-free training data

Forecasting time step tpth  t,+4h  t;+8h

Analog forecasting <106 0.002 0.005 )

Sparse regression <106 0.002 0.006

MLP <106 0.018 0.044

Bi-NN(4) <106 <106 <106 Assimilation experiment

(1 obs. every 8 time steps)
Noise standard deviation in 0 0.25 1
Noisy training data (0=0.5) training data

Forecasting time step t,th  t,#4h  t+8h True model 0.00

Analog forecasting <106 2.01 2.2 Analog forecasting 0.65 1.17 1381

Bi-NN(4) <106 0.054 0.14 Bi-NN(4) 0.60 0.75 0.86
\, J




Bridging physics & Al: a broader picture

i Representation Trainable representation
Physical model | .
earnin e aleTala et
ou + (Vu,v) = kAu ° | sk
at 7 E S

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

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

36



<

Model-
driven

ODEs/PDEs
Variational models
State-space models
Data Assimilation

Bridging physics & Al: a broader picture

hetps:/idoi,org/10.5194/gmd-2020-35
Prepeint. Discussion started: 2 March 20120
© Author(s) 2020. CC BY 4,0 Licease

Olivier Pannekoucke' and Ronan Fablet®

PDE-NetGen 1.0: from symbolic PDE representations of physical
processes to trainable neural network representations.

INPT-ENM, UMR CNRS CNRM, CERFACS, 42, av. G. Coriolis 31057 Toulovse, France
*IMT-Atlantic, UMR CNRS Lab-STICC, Brest, France

Carrespondence: Olivier Pannckowcke (ofivier pannekoucke @meteo. fr)

Learning Latent Dynamics for Partially-Observed
Chaotic Systems

Said Ouala’, Dnn-g“innwn‘ Lucas Drumetz', anndchpl-:‘
Fabrice Collard*. Lucile Gaultier®, Ronan Fablet!
-STICC, Brest, France

C
3) IMEDEA, UIB-CSIC, Esportes, Spain
1) ODL, Brest, France
{zaid.ovala, van.2guyonl, lucas.drunetz, ronaz.fsblet}dint-atlastique.fr
Bartracd, CRAPronDi frapar . fr, ananda. pancial®ipsden, usb-caic we
{dr.fab, lucile.gaultier}Ooceardatalad.con

2020

5 Jun

JOINT LEARNING OF VARIATIONAL REPRESENTATIONS AND
SOLVERS FOR INVERSE PROBLEMS WITH PARTIALLY-OBSERVED
DATA

FILTERING INTERNAL TIDES FROM WIDE-SWATH ALTIMETER DATA USING
CONVOLUTIONAL NEURAL NETWORKS

Kaowther Owenniche”, Lucas Driwers®, Jomathars Gula®
! Université Gresodle Alpes, CNRS, IRD, Gresoble INP, IGE; Grenoble, France

T IMT Atlantique, LasSTICC, Université Bretagee Loore; Brest, France
* Mtvemer, LOPS, Brest, Fraos

ARSTRACT

R. Fablet*
IMT Atlasticpae, UMR CNRS Lah-STIC
Brest, FR

rosan. fablet@ixt-atlantique. fr

IMT Attty
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Physics-informed &
Data-constrained

>

Data-
driven

Analog methods
Kernel methods
Neural Networks

DX

Data-driven &

Physics-aware
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Bridging physics & Al: Expected breakthroughs

Data-driven representation

Physical model Representation

learning
Z—ZJ + (Vu,v) = kAu

I 1imEE § Figh gl it it

3120 20 (= @] E e &gl (R R (8] (| (SR (3 E E e a] s R e

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

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

38



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

Oru + u0, u = m@iu

b

Symbolic calculus
(Simpy)

¥

PDE-GenNet
(keras)

¥

po (t + 1)

Yu(t+1)

kernel Du x ol = np.e2 Generated COde x')1),0.0],
[6.0,0.0,0.0],
[0.0,1/(2*self.dx[self.coordinates.index('x"')]),0.0]]).reshape( (3, 3)+(1,1))
Du x ol = DerivativeFactory((3, 3),kernel=kernel Du x ol,name='Du x ol')(u)
F 4 puta on o re ]
mul 1 = keras.layers.multiply([Dkappa 11 x 0l,Du x ol],name='MulLayer 1)
mul 2 = keras.layers.multiply([Dkappa 12 x 0l1,Du y ol],name='MullLayer 2')
mul 3 = keras.layers.multiply([Dkappa 12 y o0l,Du_x ol],name='Mullayer 3')
mul 4 = keras,layers.multiply([Dkappa 22 y o0l,Du y ol],name='MullLayer 4')
mul 5 = keras.layers.multiply([Du x o2,kappa 11],name='MullLayer 5')
mul 6 = keras.layers.multiply([Du y 02, kappa 22],name='MullLayer 6')
mul 7 = keras.layers.multiply([Du x ol y ol,kappa 12],name='Mullayer 7')
sc mul 1 = keras.layers.Lambda(lambda x: 2.0*x,name='ScalarMullayer 1')(mul 7)
trend u = K
1 \ (al) : y p p gdZ; 4 /_
, g Ensemble-based
w 61 . -
ps g ¢ g, prediction
& 3
38 s £
gM s 441 c 1
g 5
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Bridging physics & Al: Expected breakthroughs

Physical model Representation Data-driven representation
H aaa's '/’\‘l./.\n’/‘\‘l sa'atalaa's I/’\,“‘m,l
@ —|— <Vu ’U> p— KJAU Iearnlng : _'ji" l i ;l; ;1; ;l; ‘1‘ ili ! l ;l.; ;l; ;l; ;’lf ‘
ot ’

Making the most of Al and Physics Theory

* Model-Driven/Theory-Guided & Data-Constrained schemes

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

40
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learning for partially-observed systems / from
irregularly-sampled data [ouata et at., 2020; Fablet et at., 2020]

Can we learn directly from observation data ?

Generic issue:
Joint identification and inversion

8tX — F(X7§7t79)




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

State-space formulation:

( Ox(t)
[ % = Meo
. U y(t) = a(t) + e(),VE € {to, to + Aty to + NAE)

Partial observations y

Associated variational formulation:

arg min Ay Z lz(t:) = y(t)lle, + A2 D lla(ts) = (@)t

with  D(z)(t) =z(t —A) + M (z(u)) du
| t— A
|

argmin Ay [ — g7, + Ao [l — @ ()]

True states x



4DVar Data Assimilation (DA) formulation

o ~ Model-driven schemes: arg mxink)q |z — yHé + X2 ||z — @(2)|° |

Gradient-based solver (adjoint/Euler-Lagrange method): Us (:l: Y Q)
Y I

U 2 — ) a9, U (299,,9)

Partial observations y
Implementation of 4DVar Data Assimilation using Deep Learning frameworks

* Implement operator @ 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/
True states x 1SyU6PzOAzgBz4 U _5WbPMriwT4bLXKvh?usp=sharing



End-to-end learning for inverse problems (rablet etal., 2020)

2

/

Model-driven schemes: T = arg H;in\)q |z — yH?Z + A2 ||z — ®(z)|

|
Gradient-based solver (adjoint/Euler-Lagrange method): Us (gj(k)’ Y, Q)

|
|
! gFHD) = 2R _ 0V, Us (x(k),y, Q)

Partial observations y

No control on the reconstruction error xtrue 7§ arg min Ug (x(k) s Y, Q)
x

| Variational cost
| el M for the true state

~de
s
e
>,

10*

Reconstruction error

10°

-~ Gradient descent for ODE cost —— Supervised solver for ODE cost
—-= Unsupervised solver for ODE cost Jointly learned cost and solver

True states x

107!

10! 10° 10! 102
Variational cost



End-to-end learning for inverse problems (rablet et al., 2020)

Model-driven schemes: 7 = argmin \; ||z — y||¢, + Ao ®(x)
a

Direct learning for inverse problems: = = V(y) Y| e

Partial observationsy | ‘ ‘
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

True states x



End-to-end learning for inverse problems (rablet et al., 2020)

Model-driven schemes: T = arg min A ||z — yH?) + Ao @ ()
X

Direct learning for inverse problems: 7 = \If(y) UY— CNN —T°

Proposed scheme: joint learning of the variational model and solver
Partial observations y

* Theoretical bi-level optimization

argm(gn g |2 — Zn||* s.t. n = argmin Us (Tpn, Yn, On)
Ln
mn

True states x



End-to-end learning for inverse problems (rablet et al., 2020)

Model-driven schemes: T = arg min A ||z — yH?) + Ao @ ()
X

Direct learning for inverse problems: 7 = \If(y) UY—| CNN —

Proposed scheme: joint learning of the variational model and solver
Partial observations y

* Theoretical bi-level optimization

arg mcgnz |2 — Zn||* s.t. n = argmin Us (Tpn, Yn, On)
X

n

mn
| « Restated with a gradient-based NN solver for inner minimization

| | arg min
& ®.I

Iterative NN solver using automatic

True stat : iati i
rue states x differentiation to compute gradient v _i/, (x(k), Y, Q) "



End-to-end learning for inverse problems (rablet et al., 2020)

Proposed scheme: associated NN architecture

Initial state x(0)

|

ResNet architecture

|
[
\
|
/| i
|
| [
DA X

ObseNation datay, 2

" Residual Unit (RU) ™.

glk=1) |

NN model for
U<I> (33‘, Y, Q)

Automatic

differentiation

V.U (x(k), Y, Q)

Reconstructed states x

LSTMorRNNcell | §(k) (it} (k) = ;(k=1) 4 5(K)



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

Parameterization
using (learnable)
ODE operator

0x(t)
ot

= My (z(1))

-

Two-scale
U-Net-like
Parameterization
(Gibbs Field)

o

Neural integrator

x(t—A)+/tA/\/l9 () du
| L t— . |
d(r) —
| ‘ O U-Net »'I\ | ‘

)




End-to-end learning for inverse problems (rabiet etal., 2020)

lllustration on Lorenz-96 dynamics (Bilinear ODE)

04
-, True ODE Non-supervised setting
03 / (classic variational minimisation)
5 .
5 Learned model —
g o2
B | NN
2 o1 . .
g N Supervised settings
- 00 \/
-~~ gradient descent for ODE cost
- Learned solver for ODE cost —— Jointly learned cost and solver
Ea 0.200 0175 0150 0125 0100 0075 0050 0025 0000
Variational cost
True and observed states Reconstruction examples and associated error maps
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An application for upcoming SWOT mission
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End-to-end learning for inverse problems (rablet 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

Observation

Reference

. oo

-~ gradient descent for preset cost  --- Gradient descent for jointly-learned cost
—— Learned solver for preset cost Jointly learned cost and solver

Reconstruction error
=]
¥}

0.08 0.07 0.06 0.05 0.04 0.03 0.02 0.01 0.00
Variational cost

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

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




End-to-end learning from real observation data

Scarce time sampling

Proposed RINN4-EM model
— Proposed VBRNN model

N0|sy and |rregular sampling

10 m Baseline '
Interferometer Interferometer 0.2
Antenna 1 Antenna 2
Nadit 77 1\ 10.1
Altimeter //// N
P /1 |
/ \‘ 10.0
/ \
\
£ \ -0.1
= \ \
2 \ N\ v \ ~0.2
| Interferometer \ A ./ Interferometer | .
| LeftSwath X // /l\ Right Swath |
FAERN \ 3 4

Topography

Nguyen, ICASSP’20
Cross-track
(From Perez et al., 2018)
H-Pol Interferometer Swath .
10-60km Ahimeter
Path

V-Pol Interferometer Swath
10 - 60 km

Partially-observed
system

Ouala, preprint 2019




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

lllustration for L63 assuming only the first components is observed

X
X1 | Learning Latent (unobserved) 7= ( P )
dynamics @
dtZt @9 Zt 0 e “0,,°°

Objectives: acccurate
short-term forecast and
realistic « long-term »
patterns for X,

1
| H Approach: trainable
I dllg | 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

Ob§erved Dynamical model in the
Y, — ( Zttj variables latent space
t — Unknown
Zt variables atXt o f@ (Xt)

Goals:
1. Learn model parameters 0 from observed time series
2. Forecast future observed states given previous ones

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




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

lllustration on Lorenz-63 dynamics

Proposed model

Epoch =0 Epoch = Last ' ‘ ‘
= i e~ @ P o 4 |
' Wy O @ ¥ @ o
Analog Forecasting
i~ P M B B 5 o4 | |

Lorenz 63 attractor




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)
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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]

Trajectory Anomaly Vessel type Other
reconstruction  detection identification tasks
L 1 | | -
f 10 1 0 1 I 1
I T s e
A few hours A few hours A few days Other time scales

T * L) *

Hidden
regimes

Noisydata| L L L L1 Ll L1 1L L1 1]}

L A few minutes j

Model training from noisy AIS streams using variational Bayesian
approximation




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

Abnormal behaviour detection

S

Vessel type recognition

: 6.:_107‘_’.AIAS data ~88% of correct
. (January 2014) - recognition

Trajectory
reconstruction

> s

ol
»
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Understanding DL models ?

88% tabby cat 99% guacamole

Szegedy et al., 2015



image

UnderStaﬂding ReSNetS [Rousseau et al., 2019]

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

3x3 conv, 64
3x3 conv, 128
conv,
3x3 conv, 128
3!3&"256
33 conv, 256
33 conv, 256
33 conv, 256

@m T "|M@mm7 g

2 (3
Image registration examples

3x3 conv, 256/2
Mwmsun
g

7x7 coav, 64, /2
pool, /2

c) registered image (source to target)

[Matlab tutorial] ]
[Dramms tutorial]



U ﬂd e rSta N d | ng ReS N etS [Rousseau et al., 2019]

ResNet [He et al., 2015] regarded as space registration machines
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3x3 conv, 64 .
3x3 conv, 128
3x3 conv, 128
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