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Resumé

La récente résurgence de 'apprentissage profond a bouleversé 1’état de I'art dans bon
nombre de domaines scientifiques manipulant des données en grande dimension. En
particulier, la disponibilité et la flexibilité des algorithmes ont permis d’automatiser
la résolution de divers problémes inverses, apprenant des estimateurs directement des
données. Ce changement de paradigme n’a pas échappé a la recherche en prévision
météorologique numérique. Cependant, les problématiques inhérentes aux géosciences
comme 'imperfection des données et I’absence de vérité terrain compliquent I’application
directe des méthodes d’apprentissage. Les algorithmes classiques d’assimilation de don-
nées, cadrant ces problémes et permettant d’inclure des connaissances physiques, restent
a l'heure actuelle les méthodes de choix dans les centres de prévision météorologique
opérationnels.

Dans cette thése, nous étudions expérimentalement 'hybridation d’algorithmes com-
binant apprentissage profond et assimilation de données, avec pour objectif de corriger
des erreurs de prévisions dues a I'incomplétude des modéles physiques ou a la méconnais-
sance des conditions initiales. Premiérement, nous mettons en évidence les similitudes et
nuances entre assimilation de données variationnelle et apprentissage profond. Suivant
I’état de ’art, nous exploitons la complémentarité des deux approches dans un algorithme
itératif pour ensuite proposer une méthode d’apprentissage de bout-en-bout. Dans un
second temps, nous abordons le coeur de la thése : ’assimilation de données variation-
nelle avec a priori profond, régularisant des estimateurs classiques avec des réseaux de
neurones convolutionnels. L’idée est déclinée dans différents algorithmes incluant interpo-
lation optimale, 4DVAR avec fortes et faibles contraintes, assimilation et super-résolution
ou estimation d’incertitude simultanées. Nous concluons avec des perspectives sur les hy-
bridations proposées.






Abstract

The recent revival of deep learning has impacted the state of the art in many scientific
fields handling high-dimensional data. In particular, the availability and flexibility of
algorithms have allowed the automation of inverse problem solving, learning estimators
directly from data. This paradigm shift has also reached the research field of numeri-
cal weather prediction. However, the inherent issues in geo-sciences such as imperfect
data and the lack of ground truth complicate the direct application of learning meth-
ods. Classical data assimilation algorithms, framing these issues and allowing the use
of physics-based constraints, are currently the methods of choice in operational weather
forecasting centers.

In this thesis, we experimentally study the hybridization of deep learning and data
assimilation algorithms, with the objective of correcting forecast errors due to incomplete
physical models or uncertain initial conditions. First, we highlight the similarities and
nuances between variational data assimilation and deep learning. Following the state of
the art, we exploit the complementarity of the two approaches in an iterative algorithm
to then propose an end-to-end learning method. In a second part, we address the core of
the thesis: variational data assimilation with deep prior, regularizing classical estimators
with convolutional neural networks. The idea is declined in various algorithms including
optimal interpolation, 4DVAR with strong and weak constraints, simultaneous assimila-
tion, and super-resolution or uncertainty estimation. We conclude with perspectives on
the proposed hybridization.

11






Remerciements

Achevant mon doctorat, je réalise le role essentiel de mon entourage dans cette expérience.
Sans pouvoir étre exhaustif, j’exprime ici ma sincére reconnaissance.

Je remercie d’abord les membres du jury pour avoir accepté d’évaluer mon travail : Is-
abelle Bloch, Olivier Talagrand, plus particuliérement Marc Bocquet et Ronan Fablet
pour leurs rapports rendus dans de courts délais. Je tiens a exprimer toute ma recon-
naissance & mes encadrants et directeur de thése Anastase, Julien et Dominique ; merci a
eux de m’avoir offert I'opportunité d’étudier a leurs cotés tout en me laissant une grande
liberté.

Je remercie les scientifiques que j’ai pu cotoyer au cours de ces 3 années, ce fut un plaisir
d’échanger avec vous. Merci & Fabienne de m’avoir offert la possibilité de présenter
mon travail a I’étranger. Merci aux doctorants et post-doctorants Marie, Jorge, Rémi,
Roméo, Quentin, Dimitri, Georgie et Jocelyn, le RU et le libanais du marché Monge vont
me manquer. J’ai une pensée particuliére pour Théo qui a su patiemment entendre mes
idées et visions, je suis convaincu qu’il écrira une belle thése au sein de notre équipe.
Merci & Jean Feydy de m’avoir fait découvrir ’article “Deep Image Prior”, me permettant
de reconsidérer la nature des mes travaux.

En toute circonstance, j’ai eu la chance de pouvoir compter sur des amis merveilleux.
Sans pouvoir tous les nommer, je remercie chaleureusement : Déborah d’avoir libéré
Nicolas pour ces milliers de kilométres a vélo, Maxime pour tout et surtout n’importe
quoi, Camille et Lionel pour leur sens de la famille, Lucile et Thomas pour les bons
produits, Julien et Marin pour les aventures, Thibault et Louis pour leur hospitalité,
Guillaume et Justine pour les vendanges, Vincent pour le surf, Aude, Alexis et Louis
pour leur noblesse, Move D pour son attitude et sa musique.

J’exprime mon infini gratitude & toute ma famille pour leur amour et leur éducation
dont je suis fier. Merci & mon parrain pour son expérience. Merci & mes grands parents
Catherine Filoche, Berthe Dupuis, Marcel Filoche et feu Roger Dupuis, je suis reconnais-
sant de leurs vies de labeur et m’estime privilégié d’avoir pu suivre des études. Merci a
mon frére et mes parents que j'aime du fond du ceeur, qui ont fait ce que je suis et a qui
je dois tout.

Enfin, j’aimerais remercier & nouveau mon directeur de thése Dominique Béréziat pour
son soutient inconditionnel. Je souhaite & tout étudiant de pouvoir étre accompagné par
une personne aussi humaine et bienveillante.

111






Table of contents

(1.1.1  Statistical interpolation of Geo-scientific observation|. . . . . . . .

(1.1.2  Variational Assimilation or Deep Learning 7| . . . . .. . . . . ..

(1.2 Subject of the thesis| . . . . . . . ... ... ...

(1.2.1  Hybridizing machine learning and data assimilation| . . . . . . . .

gt W W W NN N = =

2 Background and Related Works|

2.1 Bayesian Inversion| . . . . . . . .. ... ... 0

2.1.1 Inverse problem definition| . . . . . . ... .. ... ... ... ..

[2.1.2  Bayesian point estimation| . . . . . . . .. ... ... ... ...

[2.1.4  Machine Learning| . . . . . . . .. ... ... 0.

© 00 N N o o o

2.2 Variational Data Assimilationl . . . . ... ... ... .. ... ... ... 10

v



[2.2.1 Classic modeling frameworkl . . . . . .. ... .. ... ... ... 10
[2.2.2  Bayesian derivation of the 4DVAR cost function| . . . . . . . . .. 11
[2.2.3  The 4DVAR optimization algorithm|. . . . . . .. ... ... ... 12
[2.2.4  Discussion on Gaussian modelingl . . . . . .. ... ... ... .. 15

2.3 Deep Learning|. . . . . . . . . ... 16
2.3.1 Architecture inductive bias|. . . . . . . . . .. ... 16
2.3.2  Convolutional neural networkl . . . . ... ... ... ... ... . 16
[2.3.3  Deep Image prior| . . . . . ... ... oo 16
[2.3.4  Physics and Deep Learning|. . . . . . ... .. ... ... ... .. 17

2.4 Geosclentific observationl . . . . . .. .. Lo Lo 18
241 Parth data sciencel . . . . . . ... ... Lo 18
[2.4.2  Synthetic Datasets for motion estimation| . . . . . . . . . . . . .. 19

[2.5 Hybrid ML and DA|. . . . .. .. ..o 24
[2.5.1 Machine Learning for Data Assimilation| . . . . . . ... ... .. 24
[2.5.2  Tterative ML-DA methods for simultaneous state and parameters |
estimationl . . . . . . . .. 24

[2.5.3 Data Assimilation for Machine Learning| . . . . . . ... ... .. 25

[2.6  Original Experiment and critical discussion| . . . . . . . . .. . . ... .. 25
6.1 Frameworkl . . ... .. ... ... 26
[2.6.2  Experiment| . . . . ... ... 27
2.6.3 Discussion| . . . . . . ... Lo 29

[3 A Deep Learning view of strong-constraint 4DVAR| 31
[3.1 4DVAR in the Deep Learning framework| . . . . . . .. ... .. ... .. 31
[3.1.1  Similarities and nuances between 4DVAR and Deep Learning|. . . 31
[3.1.2  Comparison between C and Pytorch implementations| . . . . . . . 34
B.1.3 Resultsl. . .. .o 35
[3.1.4  Overfitting and Regularization|. . . . . . . . ... ... ... ... 41
[3.1.5  Regularization with Gaussian background prior| . . . . . . . . .. 42

[3.2  Learning 4DVAR inversion directly from observation| . . . . . .. .. .. 45
3.2.1  Motivation|. . . . . . . ... 45
.22 Method . . . . ... o 45



A2

Simultaneous Downscaling and Assimilation| . . . . . .. . . ... ...

[4.2.1 Downscaling ocean simulation . . . . . ... ... ... ... ..

[4.2.2  Super-resolution|. . . . . . ...

‘.3

[4.3.2  Optimal interpolation of sea surface height{ . . . . . . . ... ..

[4.3.3  Experimental results| . . . . .. ... ..o

i

Perspective on variational assimilation with deep priorf . . . . . . . ..

[4.4.1  Accounting for model error with deep spatio-temporal prior|. . . .

[4.4.2  Uncertainty quantification with Bayesian deep prior| . . . . . . .

5 Conclusion|

(.1

OVEIVICW] . . . . . o o o o e

.3

Perspectives| . . . . . . ..

[b.3.1 Scaling|. . . . . .. ...
[>.3.2  End-to-end learning|. . . . . . ... ...

[5.3.3  Reliable uncertainty quantification| . . . . . . ... .. ... ..

vi

51
52
52
o4
63
67
67
67
67
69
78
78
78
80
83
83
88



List of Figures

[2.1 Computational graph of the forward model and associated control in the |

weak-constraint 4DVAR algorithm calculation| . . . . . . ... ... ... 13
[2.2  Example of simulated observational variance error matrixl . . . . . . . . . 19
2.3 Example of simulated trajectory with the shallow water dynamics. The |

2D-field of arrows represents the direction and the intensity of the velocity, |

the colormap provides the same information but helps visualization.| . . . 20
[2.4  Example of simulated observations with the shallow water dynamics.| . . 21
[2.5  Example of simulated trajectory with the advection dynamics. The 2D- |

field of arrows represents the direction and the intensity of the velocity, |

the colormap provides the same information but helps visualization.| . . . 22
(2.6  Initial motion fields by zones.| . . . . . . ... ..o 22
[2.7  Example of simulated observations with the advection dynamics| . . . . . 23
[2.8  Schematic view of the potential synergy between DA and ML] . . . . .. 25
[2.9  System representation as a parametric hidden Markov model| . . . . . . . 26
[2.10 Schematic view of the learning scheme| . . . . . . . . .. ... ... .. 28
[2.11 Forecast skills of the completed dynamics|. . . . . . . ... ... ... .. 29
[3.1 Forward computational graph of strong-constraint 4ADVAR|. . . . . . .. 33
[3.2  Four successive acquisitions of rainfall maps. Intensity unit is millimeter |

per hour| . . . . . . . 34

Vil



[3.3  Four successive SS'I" acquisitions of North Atlantic. Intensity unit is Celsius |
degreel . . .. 35
[3.4  Example of rain map forecasts at three horizon times produced by C and |
Python codes| . . . . . . . . .. .. 36
[3.5 Rainfall forecasts at 10, 20 and 30 minutes: performances ot C and Pytorch |
codes (RMSE). . . . . ... 37
[3.6 Example of SS'T torecasts at three horizon times produced by C and Python |
codesl . . . . 38
[3.7 SST torecast: performances ot C and Pytorch codes for three horizon times. |
Metricis RMSEl . . . . . . . . 39
[3.8  Performance of C and Pytorch codes, metricis EPE[. . . . . . ... . .. 39
[3.9  Example of velocity maps obtained with C and Pytorch codes, compared |
to the ground-truth| . . . . . . . . ... ... oo oo 40
[3.10 Shallow water system: Estimated motion field from 4DVAR without back- |
ground, evolution regarding noise level . . . . . . . ... ... 41
[3.11 Shallow water system: Assimilation performances ot 4DVar without back- |
ground, evolution regarding noise levell . . . . . . . .. ... 42
[3.12 Advection system: Estimated motion field from 4DVAR without back- |
ground, evolution regarding noise levell . . . . . . ... ... 42
[3.13 Advection system: Assimilation pertormances of 4DVAR without back- |
ground, evolution regarding noise levell . . . . . . . .. ... 42
[3.14 Shallow water system: Estimated motion field from 4DVAR with back- |
ground regularization, evolution regarding noise level| . . . . . . . . . .. 43
[3.15 Shallow water system: Assimilation performances of 4DVAR with back- |
ground regularization, evolution regarding noise level| . . . . . . . . . .. 43
[3.16 Advection system: Estimated motion field from 4DVAR with background |
regularization, evolution regarding noise level. . . . . . . .. .. .. ... 43
[3.17 Advection system: Assimilation performances of 4DVAR with background |
regularization, evolution regarding noise level|. . . . . . . . .. ... ... 44
[3.18 Forward computational graph of the hybrid architecture learning 4DVAR |
1n an end-to-end manner. Functional f indicates an optional pre-processing |
for numerical purposes. | . . . . . ..o o 47
[3.19 Observation generated with the Lorenz96 model, a randomized linear pro- |
jector as observation operator and a white noise. | . . . . . . ... .. .. 48
[3.20 Lorenz96 assimilation experiment: Boxplot of RMSE and Bias, comparing |
4DVAR-B, NN-4DVAR-iter, NN-4DVAR-e2e and NN-perfect, 250 samples| 49

Viil



[3.21 Lorenz96 assimilation experiment: Boxplot of RMSE and Bias, comparing

1X

4DVAR, NN-4DVAR-iter, NN-4DVAR-e2e and NN-pertect, 250 samples| . 49

4.1 Schematic view of the forward integration used in strong-constraint deep |
background prior 4ADVAR| . . . . . . ..o 53

|4.2  Shallow water system: Assimilation score inside the window, averaged on |
100 estimations, 1.5% Gaussian white noise, transparent area is bounded |

by the average score +0.2 standard deviation| . . . . . . . . . . ... ... 55

[4.3  Shallow water system: Natural statistics of estimated motion fields from |
various 4DVAR versions, 1.5% Gaussian white noise| . . . . . . . . . . .. 55

4.4 Shallow water system: Assimilation performances ot 4DVAR with deep |
background prior, evolution regarding noise level . . . . . . . . ... ... 56

4.5 Shallow water system: Estimated motion field from 4DVAR with deep |
background prior, evolution regarding noise level . . . . . . . . ... ... 56

4.6 Advection system: Natural statistics ot estimated motion fields from vari- |
ous 4DVAR versions, 1.5% Gaussian white noise{ . . . . . . . . .. . . .. 57

4.7 Advection system: Assimilation score inside the window, averaged on 100 |
estimations, 1.5% Gaussian white noise, transparent area is bounded by |

the average score £0.2 standard deviationl . . . . . . ... ... ... .. o7

4.8 Advection system: Forecast scores, averaged on 100 estimations, 1.5% |
Gaussian white noise, transparent area is bounded by the average score |

| +0.2 standard deviation| . . . . . . . ... oL oL o8
[4.9  Advection system: Assimilation performances of 4DVAR with deep back- |
ground prior, evolution regarding noise level| . . . . . . . .. ... 58

[4.10 Advection system: HEstimated motion field from 4DVAR with deep back- |
ground prior, evolution regarding noise level| . . . . . . . ... ... .. 58

{[4.11 Shallow water system: 4DVAR-DIP assimilation score for different weights |
initialization, 1.5% Gaussian white noise | . . . . . . . . .. .. ... ... 59

[4.12 Advection system: 4DVAR-DIP assimilation score for different weights |
initialization, 1.5% Gaussian white noise| . . . . . . . . . . ... ... .. 60

{4.13 Ensemble shallow water DIPs: Error and standard deviation maps of the |
4DVAR-DIP ensemble assimilationl . . . . . . ... ... ... ... .. 60

|4.14 Ensemble of advection DIPs: Error and standard deviation maps of the |
4DVAR-DIP ensemble assimilationl . . . . . . ... ... ... ... ... 61

{4.15 Shallow water system: 4DVAR-DIP using Lo-regularization, assimilation |
score for different weights initialization, 1.5% Gaussian white noise|[. . . . 62



.16

Advection system: 4DVAR-DIP using Lo-regularization, assimilation score

for different weights initialization, 1.5% Gaussian white noise| . . . . . . . 62
[4.17 Shallow water system: Monitoring ot assimilation score during the opti- |
mization tor 4ADVAR, 4DVAR-B, and 4DVAR-DIP, using different levels ot |
noiseld. . . ..o 64

.18

Advection system: Monitoring of assimilation score during the optimiza-

tion for 4DVAR, 4DVAR-B, and 4DVAR-DIP, using different levels of noise.| 65

[4.19 Examples of one noiseless generated observation series, using different |
down-sampling ratior| . . . . . . . ... o 69
.20 Assimilated height 79 error maps for each downscaling factor and 4DVar |
algorithms, noise level of 1%. | . . . . . . . . ... .. ... ... ... .. 72
{4.21 Assimilated wg error maps for each downscaling factors and 4DVAR algo- |
rithms, noise level of 17%. Color corresponds to the motion field orientation |
but the intensity is normalized, quiver arrows quantity the intensity of the |
motion field) . . . . . ..o 73
.22 Forecasted nr.5 error maps for each downscaling factors and 4DVAR algo- |
rithms, noise level of 1%/ . . . . . . . .. .. ... ... ... ... ... 74
.23 Evolution of RMSE of nr.5 forecasts regarding the level of noise in the |
observation, with » = 4, for each 4ADVAR algorithm. . . . . . . . .. ... 75
{4.24 Evolution of ||Awg|| regarding the level of noise in the observation, with |
r =4, tor each 4DVAR algorithm and for the ground truth.|. . . . . . .. 75
{4.25 Evolution ot deep prior ensembles RMSE and AAE scores, realized on one |
series of observations; downscaling factor r = 4, noise level 1%.| . . . . . . 76
.26 Evolution of deep prior ensembles RMSE (forecast) and EPE scores, re- |
alized on one series of observations, downscaling factor r = 1, 2,4, 8, noise |
level 1%, scores presented here are relative so that the whole curve is nor- |
malized by the performance of the first member.|. . . . . . . . . . . . .. 7
4.27 Evolution of deep prior ensembles RMSE (forecast) and AAE scores, re- |
alized on one series of observations; downscaling factor r =1, 2, 4, 8, noise |
level 1% . . . . . o 7
[4.28 kxample of reference sea surtace height trajectory| . . . . . . . .. . . .. 78
[4.29 Example of sea surface height satellite observation along a trajectory] 79
|4.30 Schematic view of the deep spatio-temporal prior architecture. . . . . . . 80
{4.31 RMSE comparison of optimal interpolation from DUACS and deep spatio- |
temporal prior on a single 32-day observational window example| . . . . . 81




{4.32 Error maps of DUACS and deep prior estimation at various times in the

| same observational windowl. . . . . . . .. . ... 81
{4.33 RMSE comparison of optimal interpolations from DUACS and sliding- |
| averaged deep spatio-temporal prior on a year-long period| . . . . . . .. 82
{4.34 RMSE comparison of optimal interpolation from DUACS and deep prior |
| with vanilla convolutional architecture, on a single 32-day observational |
| window example|. . . . . ..o 82
[4.35 First attempt to account for model error with deep spatio-temporal prior | 84
.36 Schematic view of weak 4ADVAR-STDPl . . . .. ... ... ... ... .. 85
{4.37 Advection model: Difference between integrated trajectory by a reference |
| model versus a degraded one, starting from the exact same initial condition, |
| using various degradation. Reference model: Implicit Semi-Lagrangian |
| scheme for non linear advectionl) . . . . . . . . ... ... ... ... ... 86
[4.38 Advection system: Assimilation scores of 4ADVAR-B, 4DVAR-DIP, 4DVAR- |
| STDP using various degraded dynamics, average on 5 examples, 1.5% |
I white noise | . . . . . . .. 87
{4.39 Advection system: Forecast scores of 4ADVAR-B, 4ADVAR-DIP, 4ADVAR- |
| STDP using various degraded dynamics, average on 5 examples, 1.5% |
| white noise | . . . . . . ... e e e 88
{4.40 Shallow water: Assimilation scores of the Bayes 4DVAR-DIP assimilation] 89
{4.41 Shallow water: Error and standard deviation maps of the Bayes 4DVAR- |
I DIP assimilation | . . . . . . . . ... 90

x1



List of Acronyms

AAE Average Angular Error

ADAM Adaptative Moment Estimation

BLUE Best Linear Unbiased Estimation

CFL Courant—Friedrichs—Lewy

DA Data Assimilation

DIP Deep Image prior

DL Deep Learning

DUACS Data Unification and Altimeter Combination System
L-BGFS Limited memory Assimilation Broyden-Fletcher-Goldfarb-Shanno algorithm
EPE End-Point Error

MAP Maximum A Posteriori

ML Machine Learning

MLE Maximum Likelihood Estimation

NWP Numerical Weather Prediction

OSSE Observing System Simulation Experiment

PDE Partial Differential Equation

PINN Physics-Informed Neural Network

RMSE Root Mean Square Error

SGLD Stochastic Gradient Langevin Descent

SSH Sea Surface Height

SSIM Structural Similarity

SST Sea Surface Temperature

3DVAR Three-Dimensional Variational Data Assimilation

4DVAR Four-Dimensional Variational Data Assimilation

xii



CHAPTER 1

Introduction

1.1 Context

1.1.1 Statistical interpolation of Geo-scientific observation

Monitoring the atmosphere and the ocean has been a constant scientific concern, whether
for global climate understanding or numerical weather prediction. And the quality and
quantity of available data have shaped the methods of choice over time. Geo-scientific
observations are inherently imperfect: variables of interest may be partially observed
through a complex physical process up to the precision of the sensor. Estimating the
state of a physical system from such data has then led to a great diversity of inverse
problems and associated statistical interpolation methods.

Considering complex high-dimensional systems like the atmosphere and the ocean, it
was unthinkable to reconstruct the physical state purely from observations. Advances in
mechanistic modeling had to be leveraged leading to a new class of methods hoping to
optimally combine observation and a physics-based dynamical model: Data Assimilation
(DA) [1]. To this day, DA constitutes the state-of-the-art in numerical weather prediction,
being used in all operational meteorological centers around the world, and is still an active
field of research [2]. Best forecasts are usually obtained by merging variational [3, 4 [5]
and ensemble methods [6] [7].



1.1.2 Variational Assimilation or Deep Learning ?

Nevertheless, the ever increasing volume, quality, and diversity of available observations
and the maturity of algorithms have made purely data-driven modeling more appealing.
Particularly, Machine Learning (ML) [8] methods leveraging large databases have proven
to be an extremely useful tool to learn the complex relationships between variables. Such
methods have already been applied in numerous Geo-scientific applications [9] and are
still being investigated to enhance numerical weather prediction systems. Even though
both ML and DA methods can be seen under the statistical interpolation umbrella [10],
the strength of DA lies in its ability to deal with imperfect data in high-dimensional
space.

Last decade, deep learning [II], a subset of machine learning, has experienced a
revival achieving impressive results in diverse computational tasks involving complex
high-dimensional signals like images, video, or text [I2]. They are now considered state-
of-the-art in applications involving spatio-temporal forecasting which makes them very
appealing for numerical weather prediction [I3]. Although they are not initially de-
signed for the same purpose, deep learning and variational DA share many algorith-
mic aspects [I4]. It has already been argued that both methods can benefit from each
other [9, T0]. Data assimilation provides a rigorous framework to handle sparse data and
physics-based knowledge while deep learning can leverage a collection of data extracting
complex relationships from it. The question is now how to properly get the best of each
method. This interrogation is at the heart of this thesis.

1.2 Subject of the thesis

1.2.1 Hybridizing machine learning and data assimilation

The difficulty arises when directly applying deep learning to highly-sparse earth observa-
tion. In the supervised learning approach, the ground truth is needed to train a model,
which is usually not available in Earth sciences. On the other hand, Data Assimila-
tion estimation can provide dense data. From this statement, approaches have naturally
emerged in the data assimilation community, iterating data assimilation steps and ma-
chine learning steps for simultaneous state and parameters estimation [I5] 16}, 17, [1§].

On the machine learning side, deep architectures constrained with a physics-based
dynamical model in a 4DVAR fashion have appeared [19] 20], competing on the initial
condition estimation task and confirming the statement made in [2I] emphasizing expert-
based bias for hybrid approaches. In [22 23] the learning process is constrained to
internally behave like a 4DVAR pushing the hybridization further.



1.2.2 Error correction in Data Assimilation

Errors in the data assimilation process arise from many sources. The mechanistic dynam-
ical model, the observational system, the modeling [24] or even numerical sources like the
discretization and the optimization algorithm can bias the estimation. Algorithms allow-
ing model error correction have been developed [5] and studied [25], relying on a Gaussian
model error hypothesis. Such a Gaussian hypothesis is practical to derive a variational
formulation. However, it does not fully account for complex behaviors in geophysical
dynamical models [26]. In addition, the assimilation algorithm relies on error covariance
matrices as hyper-parameters which are hard to tune in high-dimension [27]. To hand-
craft such matrices combining expert knowledge and experiment, additional hypotheses
have to be made such as locality assumptions [28, 29]. The ML tools are investigated
toward more reliable model error correction [30, 1], learning the error after an assimila-
tion step, then falling in the category of iterative methods in the particular case of doing
one iteration.

1.2.3 Inductive bias and control parameters

All the modeling choices made in a statistical learning approach constitute inductive
biases [32]. For instance, modeling Gaussian error or encoding spatial translational in-
variance in an operator are modeling biases [21]. The “Deep Image Prior” [33] work
exhibits the mesmerizing effect of the bias induced by deep convolutional architecture,
over-fitting a neural network on one image. Such architectures can represent complex
correlations but also have a natural denoising effect [34] 35].

Coming back to similarities between deep learning and variational assimilation, they
both shape a control parameters space and optimize on its backpropagating gradient
through complex operators. Indeed, adjoint backpropagation through time steps or
through hidden layers is equivalent [I4]. Either initial condition constrained by a dynam-
ical model or layered convolutional weights, the organization of the control parameters
participates in such biases. The main subject of the thesis has been inspired by the “Deep
Image Prior” work, adapting the idea in a variational assimilation framework.

1.2.4 Contributions

The main contributions of the thesis are methodological and empirical. We designed
algorithms hybridizing variational assimilation and deep neural architectures, to then
highlight their behaviors in assimilation experiments using two dynamical systems in-
volving geophysical-like motion.



4DVAR software

A simple yet useful contribution of our work is a light 4DVAR Pytorch code, exhibiting the
possibility to use powerful tools from the deep learning community based on automatic
differentiation to implement variational assimilation algorithms usually less accessible.

Hybridizing machine learning and data assimilation

Simultaneous state and parameters estimation Participating in the development
of algorithms iterating data assimilation and machine learning steps to correct model
errors, we designed an experiment where we completed a physics-based model to finally
retrieve a relevant part of the missing dynamics on an unobserved variable.

Learning variational assimilation directly from observations Hoping to circum-
vent iterative approaches, we designed a hybrid architecture bridging a neural network
and a physics-based numerical scheme. The experiments show that the architecture was
able to learn the variational inversion directly from observation.

Variational assimilation with deep prior

The heart of the thesis has been reshaping the control parameters space in vanilla 4DVAR,
leveraging the inductive bias of deep convolutional architectures, largely inspired by the
"Deep Image Prior" work. In all experiments, we noticed a strong regularizing effect of
the method.

Strong-constraint 4DVAR with deep background prior We first adapted the
strong-constraint 4DVAR, making the perfect model hypothesis. Forcing the initial con-
dition to be generated by a deep architecture, we show progress toward circumventing
the need for the Gaussian background hypothesis and the associated covariance matrix.

Simultaneous downscaling and assimilation Stressing the regularizing power of
the method, we tested it on a more complex task, simultaneously assimilating and down-
scaling observation.

3DVAR with deep spatio-temporal prior We then extended the method toward
spatio-temporal estimation and tested it in a 3DVAR setup. The experiment confirmed
that a well-suited architecture can play the role of a background covariance matrix and
also highlighted the importance of adding temporal convolution to the deep prior to
account for temporal covariance.



Accounting for model error and uncertainty Finally, we give perspectives on how
to adapt the method when the dynamical model is partially known and investigated a
deep Bayesian architecture looking for uncertainty quantification.

1.3 Outline

This document is structured as follows: Chapter [2]introduces the necessary concepts and
discusses the state of the art relevant to the thesis. Chapter |3|studies intricacies between
variational assimilation and deep learning to later propose a learning-based algorithm.
Chapter 4] introduces the concept of variational assimilation with deep prior, showcasing
various experiments. Finally, Chapter [5| concludes the document by giving an overview
and perspectives on this research.



CHAPTER 2

Background and Related Works

2.1 Bayesian Inversion

2.1.1 Inverse problem definition

An inverse problem [36] consists in determining causes knowing effects. Thus, this prob-
lem is the inverse of the so-called direct problem, consisting in deducing the effects, the
causes being known. More formally, we define X as a system state of interest to be esti-
mated from observation Y. The relationship between X and Y is usually modeled as in
Eq. 2.1} F being the forward operator describing the direct problem, and & an additive
noise representing measurement errors.

Y=FX)+e (2.1)

The usual difficulties with inverse problems arise from the need to know the direct
operator and the nature of the noise, which can be addressed by physical and mathe-
matical modeling. According to the definition given by Hadamard [37], a problem is said
well-posed if:

e a solution to this problem exists.
e this solution is unique.

e this solution depends on the data in a continuous manner.



On the contrary, if one of these conditions is not met, the problem is said ill-posed
or ill-conditioned. A typical behavior of an ill-posed problem is the instability of the
inversion, for instance when small disturbances in the data, like the noise, can have an
arbitrarily large influence on the result. Regularization techniques exist to prevent such
issues [38)].

2.1.2 Bayesian point estimation

The Bayesian framework provides a simple yet powerful probabilistic method for inver-
sion. The interest is to describe the so-called posterior probability p(X | Y) using the
Bayes rule given in Eq. 2.2

p(Y | X)p(X)
p(Y)

It then requires a likelihood model p(Y | X) and a prior model p(X), the marginal

p(X 1Y) = (2.2)

probability p(Y) playing the passive role of a normalization constant. One can be inter-
ested in point estimate and then maximize the posterior over X. If the modeling allows
it, it can for instance be done in a variational manner by gradient descent, see Eq. 2.3
The likelihood term ensures consistency with data Y while the prior term emphasizes
prior knowledge on X.

Vx log p(X[|Y) = Vx log p(Y|X) + Vx log p(X) (2.3)

Maximizing the posterior probability p(X | Y) leads to the Mazimum A Posteriori
(MAP) estimation. In the event that the prior is a uniform distribution, maximizing the
posterior probability is equivalent to maximizing the likelihood p(Y | X), which leads to
the Mazimum Likelihood Estimation (MLE).

2.1.3 Data Assimilation

Data Assimilation [39,[40] is a set of statistical methods solving particular inverse problem
involving a partially known dynamical model M and incomplete data obtained through an
observation operator H. As described in Eqs. and [2.5] the state X evolves according to
the dynamics, and observations Y are available over a discrete time. The forward model
¥ is then a combination of M and H. Uncertainties about dynamics and observations
are modeled by additive noises denoted &, and &g, respectively.

Dynamics: X1 = M(Xy) + & (2.4)
Observation: Y, =H;(X;) + g,



The objective of DA is to provide an estimation of the system state X by optimally
combining these two information sources. The estimation can later be used as an initial
condition to produce a forecast. A famous method to solve this problem is the Kalman-
Bucy filter [I]. For more details on Kalman filtering, please refer to [39)].

Error sources in Data Assimilation

The forward model used in DA is often the result of many years of physical and sensor
modeling, back-tested and tuned on observations. Still, these models are far from be-
ing perfect. At each modeling stage, errors are potentially introduced: the observation
operator may not be perfectly known, underlying physics is probably not resolved at all
scales, and boundary conditions and discretization schemes must be chosen. All of these
error sources can be gathered in the so-called representation error [24]. Finally, the used
inversion algorithm may not produce exact Bayesian inversion, which combined with the
representation error, leads to bias in the estimation [41].

Data Assimilation in Geosciences

Geoscientific observations are imperfect by nature: either they are incomplete, noisy, or
indirect. In addition, Earth system models are usually high-dimensional. Estimating the
state of these physical systems using these data has led to a variety of complex inverse
problems and DA has been handling them continuously [4, 2]. For instance, DA produces
state-of-the-art results in various Numerical Weather Prediction (NWP) tasks and is
mostly used in operational meteorological centers. To obtain their forecasting results,
they tend to combine ensemble methods, such as the ensemble Kalman filter [6, [7], and
the variational ones [3] 5] later detailed in Section [2.2]

2.1.4 Machine Learning

Machine Learning is a very large set of methods [8] solving computational tasks by lever-
aging a dataset denoted 9. The general idea is to select a class of parameterized models
to represent the relationship between variables of interest, and then learn model param-
eters over 9. In the inverse problem context, an interesting function to learn would be
the inversion operator. The first step is to choose a class of models %9_1 parameterized

by 0 (see Eq. [2.6).

Fl Y - X

Y — ﬁ—l(Y) (26)

The machine learning strategy is to define a risk R measuring the relevance of a model
7:9_1 and optimizing it tweaking 6 with the scheme of choice (see Eq. .



—~

*7—;}_1 = arg min R(6) (2.7)
0

In the so-called supervised approach, the dataset is constituted of observations paired
with the associated ground truth, hence D = {Y®, X(i)}l].\i 1 It is then common to define a
loss function £ : XXX — R* evaluating the accuracy of an estimation ﬁ'l(Y) compared
to the ground truth X and the natural associated risk (see Eq. [2.8).

R(6) = E[L(F; 1 (Y),X)] (2.8)

However, such risk assumes the knowledge of p(X,Y) while only D is available. A
proxy is then to minimize the empirical risk Rp defined in Eq. 2.9 There is usually no
guarantee that parameters minimizing the empirical risk also minimize the actual risk R.
Such inconsistency can either lead to under-fitting, the estimator is biased, or over-fitting,
the estimator has a high variance.

R () = Z L(F7H(Y0). X)) (2.9)

In the unsupervised setting, the ground truth is not available, hence D = {Y(i)}ll.\i 1
and one has to come up with other strategies to perform the unsupervised inversion. For
more details on ML please refer to [§].

2.1.5 Variational Inference

MLE and MAP estimations presented in Section [2.1.2] are useful tools but, as they are
point estimation, they do not capture uncertainty and also are prone to data over-fitting.
One may be interested in the full Bayesian estimation of the posterior p(X | Y). The
exact estimation is often intractable for combinatorial reasons, trying to calculate the
integral p(Y) = /X p(X’,Y)dX’. The idea behind variational inference, also known as
variational Bayes, is to approximate the desired posterior distribution with a parame-
terized distribution g¢(X) = p(X | Y), doing so by minimizing the Kullback—Leibler
divergence between the two distribution Dgcr(ge(X) || p(X]Y)), detailed in Eq.

Dycr(qo(X) || p(X [ Y)) =Ey,[log ga(X)] = Eg, [log p(X, Y)] +log p(Y) (2.10)

The log-evidence log p(Y) does not depend on 6 so that minimizing Dy, (qg(X) ||
p(X]Y) is equivalent to maximizing the so-called Evidence Lower BOund £(6) given in
Eq.[2.11} The success of such methods lies in the choice of g¢ but also in the optimization
scheme. For more details, please look into this tutorial [42].



L(6) = Eg,[log p(X, Y)] - Eg, [log go(X)] (2.11)

2.2 Variational Data Assimilation

In this section we develop on notion introduced section [2.1.3] describing the classical
variational framework and the associated Bayesian model, leading to the 4DVAR algo-
rithm [3, 4, 5]. Finally, we question the hypotheses made and acknowledge active areas
for improvement.

2.2.1 Classic modeling framework

We consider a system state trajectory over a discrete time stamps X = [X,..., X7]
that we want to estimate from the observations Y = [Yy, ..., Yr] knowing a dynamical
model M. Solving this inverse problem requires modeling choices inducing biases [32]. In
this section we detail such choices made in the classic assimilation framework, hoping to
challenge them later in the thesis.

Observations

Partial and noisy observations Y, are available through an observation operator H;, see
Eq. 2.12] Uncertainties at date ¢ are modeled by an additive Gaussian white noise,
denoted eg,, of known covariance matrix R;. The noises are supposed uncorrelated
in time and independent from other error sources and from X,.

Y; = Hi/(X;) + &g,

(2.12)
SR, ~ N(07 Rl)

Observational model {

Background

A background Xp gives prior information about the initial state Xg, see Eq.[2.13] Uncer-
tainty is modeled by an additive Gaussian white noise, denoted £p, of known co-
variance matrix B. This noise is supposed independent from other error sources
and from Xj.

XO = XB + ER
Background model (2.13)
ep ~ N(0,B)
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Dynamics

The physical state X; evolves according to a partially-known Markovian dynamics
My, see Eq.[2.14] Uncertainties about the dynamics at date ¢t are modeled by an additive
Gaussian white noise, denoted g,,,, of known covariance matrix Q;. The noises are
supposed uncorrelated in time and independent from other error sources and
from X;.

X1 = M(X)) + &
Evolution model e () ' (2.14)
Smf ~ N(O’ Ql)

2.2.2 Bayesian derivation of the 4DVAR cost function

Using all the hypotheses given in the modeling stage, it is possible to derive a loss function
associated with a maximum a posteriori (MAP) estimation using the Bayes rule. We note
dlzw(x,y) = ||x - ylli = ((x = y)]A""(x = y)) the Mahalanobis distance associated with an
invertible matrix A.

Likelihood model

The likelihood model is defined by p(Y | X). Independence between X, and &g, implies
that p(Y, | X;) = p(eg,) while non-correlation in time gives p(Y | X) = tT:Op(Y, | Xy).
Combining these last two equations, we have the likelihood formulation given in Eq. 2.15]
where K is a constant term.

T
1
p(Y|X)=K|[ [ewp (—§||8R,||§,) = K exp
t=0

T
1
32 ||sR,||§,) (2.15)
t=0

Prior model

The prior model is defined by p(X) = p(Xy, ..., Xr). The Markovian dynamics hypoth-
esis gives p(X) = p(Xp) Hthl p(X; | X;—1), by marginalizing over previous states. But,
from the background modeling, we have p(Xp) = K’ exp(—%HsBH%), K’ being a constant.
Finally, using the independence between X; and &,, we obtain Eq. [2.16, where K” is a
constant (for more details please refer to [39]).

T-1

o 1 2 1 2
p(X) = K" exp |~ llenllh - 520 lemIIg, (2.16)
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A posteriori estimation

Looking for a point estimate, it is common to maximize the posterior probability p(X | Y)
over X. Taking the logarithmic version of the Bayes rule gives the Eq. [2.17]

log p(X|Y) =log p(Y | X) +log p(X) —log p(Y) +log K” (2.17)

The constant K” and the marginal distribution p(Y) do not intervene as they do not
depend on X. The maximum a posteriori estimation can then be obtained by solving the
model-constrained optimization problem described in Eq. 2.18] where Jipyar denotes
the cost function to be optimized in the 4DVAR algorithm.

. | T =

: 2 2 2

min - Jipvar(es, em) = Sllesll + 5 E lerIlr, + 5 E llem, IIg,
=0 =0

EB>Emy

s.t. X[+1 = M[(X[) + Em,

(2.18)

Japvar is composed of the background error, the observational error, and the model
error terms, each weighted by their covariance matrices, respectively. It is to be noted
that optimizing over controls (&p,&,,) is equivalent to optimizing over the state X. Also,
it is common to group the background error with the first model and observational error
in the condensed version detailed in Eq. [2.19) Qg being modified adequately.

~
—_

TFiovar(X) = M (X7) — Kot [, (2.19)

N —

T
DX - Yo, +
t=1

N —
1l
o

t

2.2.3 The 4DVAR optimization algorithm

The assimilation problem has been shaped into an optimal control problem, where the es-
timated system trajectory should be close to the observation but respecting the evolution
equation. This balance depends on covariance matrices, hence their importance in the
modeling process. The 4DVAR algorithm simply optimizes Jipyag numerically, usually
with the L-BFGS quasi-Newton algorithm [43]. However, descent algorithms require gra-
dients with respect to control parameters (eg, &p,, t € [1: T —1]), and this is non-trivial
to obtain. By denoting multiple model integration between two times M;, ., and using
the adjoint state method [39} 44], it is possible to derive the analytical expression given in
Eq. [2.21] Obviously, the operator My, s, depends on the dynamical models M; between
those two times but it is important to note that they also depends on &,,, which plays a
role in the evolution.

12



o [aoﬂl, o Mos)

ngj = B_lgb - Z 59X

.
] R, &g, (2.20)
t=0

T-1 T
a H 4 M —t! _
Ve T =Q e, - > [ (Hy ;Xf t)] ek, (2.21)

t'=t+1

Computing those gradients then implies having at disposal an adjoint code of the
tangent linear model. This can be done using software based on automatic differentia-
tion, in an offline manner for instance using Tapenade [45] or in an online manner with
Autograd [46]. The 4DVAR descent algorithm then consists of alternating forward inte-
grations with the dynamics and backward ones with the adjoint. After convergence, the
whole system state is estimated and the end of the temporal window can be used as initial
conditions to produce a forecast. We give a schematic view of the forward integration
operator in Figure and the algorithmic details in Algorithm

known variable
(""" control variable
"3 numerical cost H5m1 ”Ql HsmTfl HQT—I
(1 passive tracer

Emr_,
My
@ Xo (X —(Xr |
Hr
Yr —O
HER1HR1 ||€RTHRT

Figure 2.1: Computational graph of the forward model and associated control in the
weak-constraint 4DVAR algorithm calculation
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Algorithm 1 — Weak-constraint 4DVAR

Initialize control variable g, &,

forward: integrate X and compute J
backward: automatic differentiation returns VJ

while stop criterion do
update control variables:
£p, En = optimizer(&p, €y, J, VJ)

forward: integrate X and compute J
backward: automatic differentiation returns V.J

end while
return X

Particular case #1: Strong-constraint 4DVAR

It can be relevant to assume the dynamics perfect on the temporal scale of the assimilation
window, which means vanishing model errors &,,. The prior becomes p(X) = p(Xgp) and
estimating the full system state trajectory is then equivalent to estimating the initial
condition. The assimilation is said with strong-constraint as there is no degree of freedom
for potential model errors. From a numerical optimization perspective, it suffices to
specify “Q~! = 0” implying no numerical cost so no gradient back-propagation.

N | —

T
Foapvar(X) = [Xp = Xollg + 5 D IH 0 Mo (Xo) - Yil3, (2.22)
t=0

Particular case #2: 3DVAR

When a dynamical model is not available, it is still possible to perform spatio-temporal
interpolation using best linear unbiased estimation (BLUE or 3DVAR) [47, 48]. In this
case, the prior then only relies on the knowledge of a background matrix B, represent-
ing spatio-temporal covariance. The produced estimation has a closed form iblue =
BH” (HBH” + R)~! and can be achieved equivalently in a variational manner [49], mini-
mizing the energy function detailed in Eq. [2.23]

Fapvar(X) = (Y —HX)'R™ (Y - HX) + X"B~'X (2.23)
=Y - HX||§ + XI5 (2.24)
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2.2.4 Discussion on Gaussian modeling

All the hypotheses made in the classical modeling framework constitute inductive biases
in the sense that they will emphasize solutions. Even though such biases are neces-
sary to solve excessively ill-posed assimilation problems, they are questionable. Making
the Gaussian errors hypothesis is indeed convenient to derive the least-square associated
variational problem. However, it is acknowledged that Gaussian-based modeling does not
fully account for complex behaviors in geophysical dynamical models [26]. This approx-
imation corresponds to a second-order statistics truncation then allowing tractability of
the Bayesian estimation.

Maximum a posteriori estimation

Whether when the observation operator or the dynamical model is non-linear, the Jipvar
loss function becomes non-convex, making it impossible to guarantee the Bayesian esti-
mation. It is often the case, and MAP estimation is never reached, still, the loss function
is used in an operational context and provides good results.

Hyper parameters tuning

The 4DVAR algorithm relies on covariance matrices B and Q as hyper-parameters weight-
ing regularizing terms [50] in the cost function. Tuning these hyper-parameters is critical
for the accuracy of the analysis as choosing particular matrices will promote a particular
set of solutions. But such statistics are usually impossible to know due to the high di-
mensionality of studied systems. As discussed with the original solution in [5], estimating
those covariances from data is not an option. Still referencing [26], even with the Gaussian
hypothesis, additional hypotheses reducing the dimensionality of the covariance matrix
subspace have to be made to ensure the tractability of the estimation. Handcrafting these
matrices has become a full-fledged research field and tools to diagnose the consistency of
designed matrices have been developed [28]. In [29], they try an automatic approach of
grid-searching the background matrix parameters using MLE with an additional locality
hypothesis.

Model errors

As studied in [51], model errors come from many sources such as discretization, unresolved-
scale or approximate parameters tuning. And the relevance of uncorrelated in times
additive Gaussian model errors has been questioned as it has not initially improved as-
similation and forecast performances [27]. Further design based on expert knowledge
was needed. In [52], they investigate the impact of length-scale model errors and show a
positive impact but augment computational complexity. Machine learning can be a tool
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of interest to tackle this issue [30}, B1], and this will be further discussed in the following
sections.

2.3 Deep Learning

Deep Learning (DL) [I1] is a subset of ML using artificial neural network models. Deep
neural networks are composed of a succession of linear and non-linear parameterized
operators, called layers, allowing them to learn complex functions. Last decade, deep
learning has undergone a revival at the confluence of several factors including increasing
data availability, computing power, and algorithm maturity. Their success resides in their
ability to learn representation from raw high-dimensional data and then remove the need
for expert-engineered data processing. They now achieve state-of-the-art performances
in a countless number of tasks from diverse areas including image processing, natural
language processing, speech processing, or time-series forecasting [53].

2.3.1 Architecture inductive bias

Even though neural networks learn directly from data, deep architectures have required
intensive layer design and organization, constituting induced biases, meaning they will
promote particular solutions [32]. In [21] they study the graphical nature of deep networks
emphasizing relational inductive biases. For instance, convolution layers encode spatial
translational invariance while recurrent layers [54] encode temporal invariance.

2.3.2 Convolutional neural network

The revival of interest in these methods has to some extent started with a convolutional
neural network winning an image classification competition [55]. Since then, architectures
have dramatically improved [56, 57, (58] and they have broadly been used to solve various
imaging inverse problems [59]. Application-specific architectures have also appeared, for
instance for motion estimation [60), 61, 62] incorporating advection-based prior knowl-
edge. In [34] 35], they put efforts into digging the induced bias by deep convolutional
neural networks and exhibiting their ability to represent correlation and show that such
architecture has a low-pass filtering effect, respectively.

2.3.3 Deep Image prior

We here take a paragraph to discuss the “Deep Image Prior” computer vision paper [33]
as it largely inspired Chapter [4 Authors use a deep convolutional neural architecture to
solve various imaging inverse problems such as denoising, inpainting, or super-resolution.
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To do so, the architecture is overfitted to the image to be restored, starting from an
arbitrary noise. Using the inverse problem in imaging classification provided in [59],
variational data assimilation and deep image prior both belong to the unlearned methods
class, in the sense that they perform inversion using only one observation. Results are
stunning and show that the architecture itself acts as a strong regularizer, even competing
with supervised-learning methods for some tasks. The method has led to a variety of
adaptations on different problems for instance involving temporal data [63] or for surface
reconstruction from cloud points [64]. The main criticism of the method is that it is hard
to know when to stop the optimization without accessing the ground truth. At some
point, the network is able to overfit any noise, even though they show in the original
paper that it really takes a lot of optimization for a convolutional architecture to fit a
white noise. However, the issue is being addressed: the early stopping method used in the
original paper is refined in [65], [66] uses additional total variation regularization, “Deep
Decoder” [67] employs an under-parametrized architecture, and [68] proposes a Bayesian
version.

A basic application of the deep image prior idea to sea surface height data for super-
resolution has been the subject of communication at ICLR 2022, workshop AL/Earth [69)].

2.3.4 Physics and Deep Learning
Physics-constrained Learning

Variational data assimilation has a pioneering expertise in PDE-constrained optimiza-
tion [3], making use of automatic differentiation to retro-propagate gradients through
the dynamical system. In |19, 20] the output of a neural network is used as input in a
dynamical model, and architectures are trained with such gradients, in a supervised and
adversarial manner, respectively. Physically-consistent architectures are also developed
and [70] [7T] propose a general framework to enforce conservation of desired quantity by
neural architectures. Finally, Physics Informed Neural Networks (PINNs) [72] have en-
countered phenomenal successes leading to literally thousands of papers [73]. They can
be used to “solve forward and inverse problems involving nonlinear partial differential
equations” without needing a numerical scheme. The idea is to represent state variables
by a neural network depending on spatio-temporal coordinates. Then such networks
are differentiated with automatic differentiation and constrained with the known PDE
system.

Model emulation and discovery

Deep learning has demonstrated great abilities to represent complex spatio-temporal re-
lationships, and it can be used to emulate dynamical models by learning physics-based
numerical simulation exclusively from data [74] or using physics constraints [75], gaining
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orders of magnitude in terms of computational cost. Also, methods inferring governing
dynamics directly from data are being developed, [76] performs sparse regression over
a dictionary of differential operators, in [77] the learned sub-grid parametrization and
PINNs can also be used to discover dynamics [7§].

Simulation Based Inference

Mechanistic physics modeling of natural phenomena usually leads to a complex para-
meterized numerical simulator of a high-dimensional system. A key challenge is then
to constrain simulation parameters with observations. The classical Bayesian approach
would be to look into the likelihood of observed data given parameters, but the complexity
of the system typically makes it intractable. Simulation-based inference (SBI) [79] tackles
this problem by using neural density estimators like normalizing flows [80]. Even though
those inferences appear over-confident at the moment [81], the issue is being addressed [82]
and there already are impressive applications, for instance in dark matter astrophysics [83]
and particle physics [84].

2.4 Geoscientific observation

2.4.1 FEarth data science

Earth sciences have a long-standing experience in managing geophysical data. The NWP
community has been handling associated engineering and theoretical challenges. Those
data represent large volumes increasing by the day (terabytes per day [9]), they are di-
verse and they contain measurement uncertainties. Machine learning provides great tools
to learn complex relationships between remote-sensed and target variables, for instance
using tree-based regression and classification methods [85] [86]. Also, practices from the
Machine Learning community are being adopted such as benchmark datasets to evaluate
and compare data-driven approaches [87]. Regarding spatio-temporal state estimation
tasks, it is hard for a fully data-driven approach to compete with well-established data
assimilation leveraging years of mechanistic modeling. On the other hand, deep learn-
ing has become highly efficient at automatically extracting relevant features from high-
dimensional spatio-temporal data. State-of-the-art spatio-temporal architectures design
have even emerged from Earth science application [88]. So, Data Assimilation or Deep
Learning? In [10] they discuss similarities of both Bayesian inversion methods and argue
that they could benefit each other, which is confirmed in [9]. The question is not whether
but how to hybridize these methods? This interrogation is at the heart of the thesis.

A deep learning-based rain nowcasting application of ours has been the subject of a
communication at Remote Sensing, MDPI, 2021 [89].
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2.4.2 Synthetic Datasets for motion estimation
Framework

To evaluate various algorithms in the geophysical motion estimation task, we will use
two different simulated geophysical dynamics. Both evolution systems are based on dis-
cretized partial differential equations. Synthetic data are generated by integrating dy-
namics over several initial conditions and constitute a ground truth dataset of multiple
system trajectories.

State-space system The system evolves over a discrete space-time domain QX [0 : T]
where Q is a bounded domain of Z?. At each time, the system state X, = (w] I,)7 is
composed of a physical variable tracer I; and the associated motion field w,. The numer-
ical schemes used are implemented with the native differentiable software Pytorch [46]
and can be found in the thesis-associated GitHub. The main goal of our assimilation
processes will be to estimate w; hence the motion estimation naming. We will refer to
such experiments as twin experiments, meaning that the ground truth is available to
quantify the quality of the estimation.

Observation For both systems we will simulate observations similarly: I will be sparse
in time and available at regular dates but the w component will never be observed. At
observational date ¢, I; is fully observed, the observation operator is a linear projection
such that H,X; = I;,. Gaussian white noise gg, is then added to I,. The variance of this
noise is expressed as a percentage of the peak amplitude (half peak-to-peak amplitude)
of the original signal. If not precise, this variance is fixed to 1.5%, roughly matching
the confidence of altimeter sensors [90]. The covariance matrix R, of this noise is then
naturally diagonal. From a computational standpoint, we will treat such tensor as mask
sharing the state dimension, as displayed in Figure [2.2]

R R;. R;! R; Rig R R R Ry Ry

- R;! R;1
Ri! R7* Ry!

Figure 2.2: Example of simulated observational variance error matrix

Shallow water model

The first studied dynamical model corresponds to the shallow water equations system
described in Eq. 2.25] State variables of the considered system are I = 5, the height
deviation of the horizontal pressure surface from its mean height, and w, the associated
velocity field. w can be decomposed in u and v, the zonal and meridional velocity,
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respectively. H represents the mean height of the horizontal pressure surface and g the
acceleration due to gravity.
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Figure 2.3: Example of simulated trajectory with the shallow water dynamics. The 2D-
field of arrows represents the direction and the intensity of the velocity, the colormap
provides the same information but helps visualization.

Numerical details After reaching an equilibrium starting from Gaussian random ini-
tial conditions, system trajectories are simulated as shown in Figure 2.3 At each time
step, images represent a square area of 10° x 10° m? so that each pixel corresponds to
a square of side dx = dy ~ 1500 m mimicking the scale of high-resolution ocean simula-
tion [9I]. H and g are fixed to 100m and 9.81 m.s™2, respectively. The equations are
discretized using first-order upwind numerical schemes and the integration time step dt
is defined as dt = min(dx, dy)/2+/gH for numerical stability.
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Figure 2.4: Example of simulated observations with the shallow water dynamics.

Non-linear advection dynamics

It is frequent to encounter advection-based dynamics that characterize transport in the
atmosphere or the ocean. It is for instance used in state-of-the-art rain nowcasting meth-
ods [92], 93]. We decided to study the non-linear advection dynamical systems described
in Eq. following the work of [94) [95]. Respectively, these equations represent: linear
advection of the I tracer by the velocity field, non-linear advection of the velocity by
itself, vanishing Neumann boundary conditions for I and vanishing Dirichlet boundary
conditions for w. The motion field w transports the passive tracer I and also itself. We
use a semi-Lagrangian numerical scheme [96] to discretize the advection operator. The
semi-Lagrangian scheme is an implicit scheme, and not subject to CFL conditions. It
implies that the time step can be chosen independently of the space step and velocity
magnitude compared to explicit schemes.

ol
— NI=0
Ey +w
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toot (W.V)w =0 (2.26)
VIi=0, 0Q
w=0, 0Q
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Figure 2.5: Example of simulated trajectory with the advection dynamics. The 2D-field
of arrows represents the direction and the intensity of the velocity, the colormap provides
the same information but helps visualization.

Numerical details Initial motion fields come from an ocean circulation model re-
analysis in different areas of the North Atlantic, expressed in ms™!. Different used zones,
exposed in Figure 2.6] constitute the diversity of the dataset. Iy is always the same
2D-sine as displayed in Figure 2.5] The space-time domain is discretized over a grid of
parameter dx = dy = 10000 and dt = 8640 which means, in relation with measurement
unit of the velocity field, that each pixel covers an area of 10km? and each time step
represents 8640s = 0.1 day.
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Figure 2.6: Initial motion fields by zones.
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Figure 2.7: Example of simulated observations with the advection dynamics

Motion Estimation

Background prior regularization Motion estimation using image assimilation is a
topic closely related to variational optical flow estimation [97, 98|. This advection system
not being invertible, this particular problem is then ill-conditioned, even using noiseless
observation. We can note here that the shallow water system is on the contrary in-
vertible, but the inherent presence of noise still makes the motion estimation problem
ill-posed. To overcome those issues we employ classical optical flow regularization hand-
crafted by experts [99]. As in [94] [100] the estimated motion field will be forced to be
smooth by constraining ||VW0||% and ||V.w0||g to be small. As proved in [I01], these terms
can directly be included in the background error using a particular matrix B such that
C¥||VW0||% +ﬁ||V.W0||§ = || X — Xb”%m,; This is done by using a Toeplitz matrix for B!
where descending diagonals are filled with regularization parameters. Parameters a@ and
B are usually to be tuned.

Score metrics To evaluate the quality of the motion estimation w;, we will use two
score metrics. The endpoint error ||w, — w;||2 and the angular error arccos(w;,w,) are
classical optical flow scores, they calculate the Euclidean distance and the average angular
deviation between the estimation and the ground truth, respectively. Once calculated on
the whole image, we average pixel by pixel to obtain the average Endpoint Error (EPE)
and average angular error (AAE). We will also monitor statistics characterizing smooth-
ness and physical properties of the estimation such as ||Vw,||2, ||V.w||2 and ||[Aw,||2.

‘ 1 [lw' = w'l]2
Average Endpoint Error: — . — (2.27)
N 22 T (Il 110
180 LW
Average Angular Error: — Z arccos (%) (2.28)
N L Wil w112
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2.5 Hybrid ML and DA

2.5.1 Machine Learning for Data Assimilation

Machine learning applications for Numerical Weather Forecasting being part of the next-
10-year-road-map of ECMWEF are exposed in [102]. Task automation using ML can be
thought of at all different levels in the operational setting: going from the observation
pre-processing to forecast post-processing and of course through the DA processes. They
identify key applications including the one we are particularly interested in: “Bias correc-
tion and model learning” and “Mapping of non-Gaussian to Gaussian distribution for data
assimilation”. There already are promising results regarding off-line learning of model er-
ror to use it in an operational 4DVAR [103]. Once the set-up for model error learning
is established, it can be used inside the data assimilation framework to refine the state
estimation, as well-described [31], [16], opening the door for iterative methods. The same
authors are also investigating online learning versions [104].

2.5.2 Iterative ML-DA methods for simultaneous state and pa-
rameters estimation

Simultaneous state and parameter estimation is an active research field in the DA com-
munity [105] including likelihood-based methods, which are closely related to machine
learning. In [I06] they already propose an iterative scheme based on the Expectation-
maximization algorithm to identify stochastic parametrization. While the idea is old [107],
similar approaches have emerged in the hope to learn a dynamical model directly from
sparse and noisy data using a data assimilation scheme [16), [I8] [I7], allowing, in the end,
to jointly estimate state and model parameters. They exploit the synergy between DA
and ML (see Figure , providing either dense data in the “expectation” or a powerful
learnable class of models in the “maximization” step, respectively. The proper Bayesian
framework for such methods was later described in [15].
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Figure 2.8: Schematic view of the potential synergy between DA and ML

2.5.3 Data Assimilation for Machine Learning

The other way around is to start the hybridization from the ML side inducing bias inspired
by data assimilation [9]. As advocated in [2I], combining the flexibility of deep learning
with expert-based bias is a powerful complementary approach. In [108]| the learning
process is constrained in a Runge-Kutta scheme, while in 23], 109, 22], they introduced
“4DVAR-Net” architecture enforcing their network to internally behave like a 4DVAR.
Dynamics-constrained learning approaches [19, 20, [75] are really similar to 4DVAR in the
sense that they use gradients back-propagated through PDE-based dynamical models to
update their control parameters. Finally, as pointed out in [72], PINNs can be used for
inverse problems, particularly in a data assimilation mindset.

2.6 Original Experiment and critical discussion

The work presented in this section has partially been the subject of a communication at
NeurIPS 2020, workshop AljEarth [110)].

In this work, we propose to use an iterative ML-DA method, for simultaneous state
and parameters estimation, on a relatively high-dimensional system where the physics is
partially known. We aim at completing this base model by learning the dynamics of a
fully-unobserved variable through data assimilation. Also, we benefit from powerful and
flexible tools provided by the deep learning community based on automatic differenti-
ation that is clearly suitable for variational data assimilation, avoiding explicit adjoint
modeling.

We introduce a hybrid model with learnable components. To train it, we leverage DA
ability to learn from sparse and noisy observations with the help of deep learning tools
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based on automatic differentiation. Finally, we test it in a twin experiment and succeed
in partially retrieving a missing dynamics of a fully-unobserved variable in a relatively
high-dimensional system.

2.6.1 Framework
The control problem

A system state X evolves over discrete time ¢ according to a parameterized dynamical
Markov model My. Partial and noisy observations Y are available through an observation
operator H as represented in Figure The system state trajectory [Xy,...,Xr] and
the model parameters 6 are the quantities to be estimated.

Figure 2.9: System representation as a parametric hidden Markov model

In the variational formalism this can be expressed through the minimization of an
energy function of the general form J(X, 8) = >, ||Y, —HX,|| + 2, | Xs+1 — Myp(X,)||, where
the first term is the observation error and the second the model error. One major difficulty
of such an optimization problem arises from the fact that the control variables are of
different natures. Usually, system states are estimated over a temporal window which may
not include enough examples to train a machine learning model and more particularly a
neural network. We may consider several trajectories [Xb cees X’T] even though 6 should
not depend on a particular one. Ultimately, we choose to avoid the excessively ill-posed
joint optimization problem.

Coordinate descent: Alternate DA and ML

When 6 is known, DA methods combining My and Y can produce state estimation X.
On the flip side, when the system is fully observed with total confidence, 8 can be learned
by regression. Alternating DA and ML steps, we successively optimize along X and 6.
This is why we refer to the algorithm we use as coordinate descent (see Algorithm .
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Algorithm 2 Coordinate descent

1: Initialize

2: while Convergence do

3: for every trajectory i do
4 States estimation X' minimizing Y, || Y — HX!||
5: end for

6 Learning € minimizing };, ||X§+1 — My(XD) ||

7: end while

2.6.2 Experiment

Available information We used the advection-based synthetic dataset introduced in
Section [2.4.2] using partial and noisy observations. Only the passive tracer I is observed
with an additive noise: Y; = I, = HX; + gg, where &g, is a Gaussian white noise of
known covariance matrix R,. Available information about the underlying physics is also
limited: we assume to know the model except for the evolution equation on the motion
field (non-linear advection).

Introducing our hybrid model Our main goal is therefore to recover this missing
dynamics of the motion field which is never observed. To do so we introduce in Eq.
a parameterized hybrid dynamics My that combines a numerical scheme [96] representing
the known physics Mp with a fully convolutional neural network My () to be trained to
represent the unresolved part of the ground truth dynamics. In the perfect case, 8 is
such that fyg-(w) = w.Vw.

ol
— VI =
o +w 0
ow

Mp + My (0) = My the resolvent of the following PDE-system b1 + fo(w) =0
VIi=0, 0Q
w=0, 0Q

(2.29)

Learning scheme As depicted before and schematized in Figure 2.10, we will use
a coordinate descent approach alternating assimilation and learning steps in order to
ultimately train the hybrid model. To build a consequent enough training set, several
trajectories are assimilated. During assimilation steps, 6 is fixed while during learning
steps X is fixed. We initialize the procedure with the incomplete physics-based model
which means that the first assimilation step is equivalent to a well-known variational
optical flow estimation [97]. The next assimilation steps are performed with an evolution
model of the motion field as in [95].
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Data Assimilation step: strong-constraint 4DVAR States estimation is achieved
on a sliding time window of size w with the 4DVAR algorithm which aims at solving
the PDE-constrained optimization problem described in Eq. While weak-constraint
4DVAR, allowing model errors, generally produces better results, we intentionally chose
to use the strong version, assuming a perfect model, as we represent this model error with
a parameterized dynamics model. Regularization parameters @ and S are tuned using
sequential model-based optimization [I11] over forecast performance after assimilation.

t+w 1

‘ B 2
Ipa(X:0) = Y, - HX; Vw3 + 5V
g Joa(R0) =5 3 IV~ X+ SIVwIB e ST

s.t. X = My(Xp)

Machine Learning step The ML step is a regression on estimated states minimizing

S o N — 4l
I (Xs, Xir1) = ||Wea1 — (Wy +/t
gradient descent and employs batch normalization, 3 X 3 kernel convolution and ReLu

fo (Vv\t))”g. The neural network is trained by stochastic

activation.

000
' L

Figure 2.10: Schematic view of the learning scheme

Preliminary results - Forecast skill To evaluate the trained hybrid model My, we
produce forecasts over multiple initial conditions which were not used during the training
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and compare them with ground truth trajectories by calculating RMSE on the tracer I.
We benchmark the obtained hybrid model against the incomplete physics-based model
Mp and a hybrid model trained on perfect motion field data Mg from ground truth sim-
ulation usually unknown. In Figure 2.11] we see that My outperforms the physics-based
model Mp and is relatively close to Mg whose performance is only limited by the network
architecture choice. Also, reduced uncertainty indicates the ability to generalize particu-
larly in areas with intense motion. In conclusion, we succeeded in partially retrieving a
missing dynamics of a fully-unobserved variable in a relatively high-dimensional system.
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Figure 2.11: Forecast skills of the completed dynamics

2.6.3 Discussion
Engineering problem

While a numerical scheme can be used at the desired temporal scale, the hybrid model
we introduced fixes the time step. A partial solution would be to fix it at the smallest
possible scale and then iterate when a long-period integration is needed, then take the
risk of errors accumulating. But the main engineering issues come from the iterative
algorithm. At each iteration, the whole database has to be assimilated and then a deep
neural network has to be trained to make each iteration computationally intensive. That
being said, we noticed that results after 1 iteration were already relevant even if the
best models were obtained after 3 iterations. There is also the question of the weights
initialization at each iteration which, with bad luck, can make the algorithm diverge.
Finally, a broader computational issue that will not be addressed in the thesis is the
cohabitation of numerical schemes, usually optimized on CPU, and neural networks,
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optimized on GPU.

Philosophical problem

The proposed experiment may have some interest but was not realistic in the sense
that we knew what we were looking for. Modeling the model error with a Markovian
dynamics, we induced the perfect bias. Is it adequate to make this modeling choice when
errors could come from the observation operator, unresolved processes, discretization,
boundary conditions, or even from bias in the optimization algorithm? If yes, should
not the model error covariance Q evolve with the model, and how should we update it?
Aside from these considerations, the used sliding window is a numerical trick we could
not justify properly with the Bayesian framework.

Moving forward

The engineering complication coupled with the doubts about the modeling framework
pushed us to explore new ways to hybridize the methods with the hope of avoiding
iterating algorithms. The thought was: if the classical variational assimilation framework
is too rigid to welcome a neural network, maybe we should try the other way around
and optimize the neural network with assimilation-based constraints. Having a 4DVAR
coded in Pytorch was the first piece and how to integrate it into a neural architecture is
addressed in the next chapters.
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CHAPTER 3

A Deep Learning view of strong-constraint 4DVAR

3.1 4DVAR in the Deep Learning framework

3.1.1 Similarities and nuances between 4DVAR and Deep Learn-
ing

From a high-enough point of view, data assimilation and machine learning can be de-
scribed by the same Bayesian network as well detailed in [I0]. Variational assimilation
and DL share even more, we discuss below similarities and nuances between 4DVAR and

DL.

Model and Data The model in DA usually refers to a discretized PDE system derived
from physical laws, while in DL it refers to the neural architecture. Even though deep
architecture can be used to learn a dynamical system, the classical way is to directly
learn the inversion of interest, in our case the system state estimation. DA focuses on
one observational window which would constitute only one sample from the ML point of
view. A classical inversion algorithm like 4DVAR would then be classified in the unlearned
methods category [59], in the sense that no database is used. On the contrary, ML and
particularly deep neural architectures are usually trained with numerous samples.

Non-linearity and non-convex optimization Non-linearities arises in both cases,
weither it is from the underlying physics of the studied system, or explicitly programmed
to widen the range of learnable functions. The difficulty of variational DA and DL opti-
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mization problems directly comes from those non-linearities, rendering the loss function
non-convex. Variational DA usually uses a quasi-Newton optimizer such as BFGS [43]
which is a deterministic gradient descent. When dealing with a large database, the gra-
dient becomes too costly to evaluate at each iteration. This is why DL architectures
are trained with mini-batch stochastic gradient descent. Such optimization schemes have
proved to be very useful allowing to escape sharp minima and having a regularizing
effect [112]. Also, optimization of highly-non-convex landscape related to deep archi-
tecture has progressed dramatically thanks to momentum and adaptive learning rate
strategies [I13], making DL methods more accessible and then more appealing.

Control parameters Strong-constraint variational assimilation is an initial value op-
timal control problem so that 4DVAR optimizes the initial condition directly on the
discretizing grid. Control parameters in DL are the weights of the network and they are
usually organized with care. As discussed in Section [2.3.1] architecture design encodes
inductive bias allowing to deal with specific data and emphasizing particular estima-
tion [2I]. For instance architectures with stacked convolutional layers are great to deal
with high-dimensional gridded data escaping the curse of dimensionality. We would like
to emphasize that the organization of control parameters is of great interest.

Adjoint state and the backpropagation algorithm FEven though control parame-
ters have a different role in both optimization, an adjoint backpropagation through time
steps or through hidden layers behaves in a similar manner, as pointed out in [14]. The
gradient back-propagation algorithm [114] is literally the computational equivalent of
the adjoint state method [36, 39, 44]. Such methods are implemented using automatic
differentiation.

Software Even though all these analogies summed up in Table are debatable, the
possibility to solve variational problems using flexible tools from the deep learning com-
munity like Autograd [46] is real. Usually, solving variational assimilation problems
implies having at disposal a discrete adjoint of the numerical model, using dedicated
software like Tapenade [45], which is non-trivial and known to be an operational issue [2].
When designing a neural network architecture, only choices regarding the forward model
are made. During the optimization, the adjoint network derived from the computational
graph is used to calculate gradients. This part is fully managed by the software.
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Data Assimilation

Deep Learning

Data
Model

Non-linearity
Control parameters

Cost function

Optimization
Automatic differentiation

one window
dynamics
physics
state
non-convex
deterministic

adjoint state method

training set
inversion operator
activation function
weights
non-convex
stochastic
backpropagation algorithm

Table 3.1: Variational Data Assimilation versus Deep Learning

4DVAR Implementation in Pytorch

Re-writing and using 4DVAR in a deep learning friendly language was the first step
toward developing hybrid data-driven and knowledge-driven inversion methods. Forward
computational graph of strong-constraint 4DVAR and the associated algorithm can be
found in Figure [3.1] and Algorithm [3], respectively.
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Figure 3.1: Forward computational graph of strong-constraint 4DVAR

Algorithm 3 —PyTorch 4DVAR

Initialize control variables X

while stop criterion do

forward: integrate My_,7(Xg) and compute J = ||8B||2B + 2 ller,
backward: automatic differentiation returns Vx,J

update: Xy = optimizer(Xo, 7, Vx,J)

end while
return Xy

12,
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3.1.2 Comparison between C and Pytorch implementations

The work presented in this section has been the subject of a communication at ORASIS
2021 [115]. The code associated with the conducted experiments can be found at this
GitHub address [l

We aim at testing our Pytorch version of 4DVAR. To do so we will assimilate two sets
of images, one from rain radar, and one giving sea surface temperatures. The considered
physical processes can partially be described by an advection model hence the use of
dynamics detailed in the Eqgs. 2.260 We then compare the results with a reliable code
developed in [95], 03] and show that there is no significant difference in terms of perfor-
mance. However, we found that this simplicity and flexibility come at a computational
cost.

Images assimilation experiments

Rain radar images In Figure[3.2] we display four consecutive radar rain maps obtained
from MeteoNet network [116]. These images have been acquired over the region of Brest
during an extremely rainy episode that occurred on January 3, 2018. The time step is
5 minutes, and the spatial resolution is approximately 1 square kilometer. We propose
to estimate the velocity map from 4 consecutive acquisitions. As we do not have ground
truth, the fourth acquisition will be extrapolated in time, using the estimated velocity
map, to provide forecasts at various short time horizons. This is called Rain Nowcasting.
Forecast images will be compared to Radar rain map acquisitions to provide relevant
performance statistics.

Figure 3.2: Four successive acquisitions of rainfall maps. Intensity unit is millimeter per
hour

Sea surface temperature images Figure [3.3 shows four sea surface temperature
maps (SST) over a small area of the North Atlantic Ocean. Data were obtained from
the Marine Copernicus Serviceﬂ and are the reanalyses of satellite observations through
a physical model of the ocean. The time step is of 1 day, and the spatial resolution of 10

"https://github.com/ArFiloche/Py4DVar
Zhttps://resources.marine.copernicus.eu/?option=com_csw&task=results
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https://github.com/ArFiloche/Py4DVar
https://resources.marine.copernicus.eu/?option=com_csw&task=results

square kilometers. Similarly to rain maps, we propose to estimate velocity maps from 4
consecutive SST maps. Sea surface circulation data are available in Copernicus and used
as a reference.

Figure 3.3: Four successive SST acquisitions of North Atlantic. Intensity unit is Celsius
degree

The use of this model is physically justified in both our geophysics experiments. For
rain nowcasting on a short time window, it describes well the transport of storm cells by
wind, cells formation being neglected. The perfect model hypothesis is then acceptable
and the strong-constraint 4DVAR is sufficient to estimate cells’ velocities (motion fields).
For the estimation of sea surface circulation (motion fields) from SST images, Eq.
constitutes an approximation of Navier-Stokes equations used in the reanalysis; therefore
we use the weak-constraint 4DVAR.

Forecast

At the end of the assimilation process, an estimation of the full system state trajectory
T

is available. This means that at each time # we have an estimation X, = (v?tT Z) . To
produce a forecast at a given time horizon, T +k, we simply mtegrate the evolution model
using the end of the assimilation window as the initial condition: XT+k = MT—>T+k(XT) In
the forecast setup, model errors g,, cannot be estimated and therefore are not considered.

3.1.3 Results

In this section, we present experimental results obtained on both datasets. We compare
our newly developed Pytorch code with a C code, already used in several experiments [95),
03] where the adjoint dynamics is obtained with Tapenade.

Nowcasting on rain radar images

After strong 4DVAR assimilation of 4 rain radar images (Figure on a window repre-
senting a 15-minute period, we integrate the estimated state further in time to produce
forecast at 10, 20, and 30 minutes horizons. As depicted in Figure both versions of
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the algorithm behave in the same manner. Also, we note a smoothing effect which is an
issue of the semi-Lagrangian scheme and the counterpart of an implicit scheme.

t + 10 minutes t + 20 minutes t + 30 minutes

Ground truth

C~+Tapenade

Pytorch

=
1

Figure 3.4: Example of rain map forecasts at three horizon times produced by C and

Python codes

When repeating the assimilation algorithm over sliding windows, we can evaluate our
forecast over a longer time period. In Figure we consider a full day containing almost
800 acquisitions. After each assimilation, the forecasts are evaluated against the available
ground truth using RMSE on the tracer I;. Dealing with rain nowcasting, other metrics
can be more informative than RMSE but in our case, it is enough to verify that both

codes produce comparable performances.
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Figure 3.5: Rainfall forecasts at 10, 20 and 30 minutes: performances of C and Pytorch
codes (RMSE)

Sea surface circulation from SST images

The exact same process is applied for SST forecasting. The 3-day windows are assimi-
lated with the weak-constraint algorithm and forecasts at three horizon times as shown
in Figure 3.6 SST circulation being a slow-evolving dynamics, it is hard to visualize
differences.
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t+1 day t+2 day t+ 3 day

C-+Tapenade Ground truth

Pytorch

Figure 3.6: Example of SST forecasts at three horizon times produced by C and Python

codes

However, we can similarly calculate the RMSE between the tracer I; and the ground
truth as plotted in Figure
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Figure 3.7: SST forecast: performances of C and Pytorch codes for three horizon times.
Metric is RMSE
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Figure 3.8: Performance of C and Pytorch codes, metric is EPE

In the particular case of SST data coming from another assimilation process, we have
access to ground truth motion fields w. In Figure we can see assimilated motion
fields against the ground truth, colors standing for motion vectors orientation [98]. We
also can quantify these differences over time by calculating the end-point error (EPE)
between assimilated fields and the ground truth as presented in Figure [3.8] Again, we
can conclude that both codes are roughly equivalent.
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Figure 3.9: Example of velocity maps obtained with C and Pytorch codes, compared to
the ground-truth

Discussion

The Pytorch code aims at replicating the C reference as close as possible. However,
results obtained are not exactly the same and we believe it can be explained by several
reasons. First, the gradients coming from regularization terms are calculated manually in
the C version but automatically in the other one. Second, even though both codes use an
optimizer based on the same second-order quasi-Newton method, these optimizers came
from different developments. C code uses the original implementation of L-BFGS [117]
written in Fortran by the authors while Pytorch uses its own implementation. Third,
the order of successive operations is not strictly respected which may lead to numerical
rounding differences. Lastly, we compare in Table the computation time needed
in each case using a standard CPU architecture. Unsurprisingly, the C code version
is much faster, the Pytorch simplicity could not be free. Also, we note that the gap
between versions is more important in the strong case and this is because the C code
has been optimized using high-performance computing techniques based on vectorization
and parallel programming.

Code paradigm Rain (strong) | SST (weak)
C-Tapenade 2.0+ 0.3s 25,8+ 1.1s
Pytorch 90.0 +£ 43.6 s 1.3+ 1.1s

Table 3.2: Computation time comparison between 4DVAR in C and Pytorch on two
different images assimilation tasks
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3.1.4 Overfitting and Regularization

The code associated with the conducted experiments can be found at this GitHub address

El

In this section, we provide baseline assimilation performances that only are applications
of the existing 4DVAR version. We hope to exhibit the overfitting behavior of variational
inversion when the noise level increases but also the regularizing effect of the Gaussian
background prior hypothesis. To do so we will use the synthetic datasets detailed in
Section [2.4.2) and study assimilation performances.

Overfitting with maximum likelihood estimation

When no background prior assumption is made, the 4DVAR algorithm only optimizes
the observational cost, J(Xp) = %Z,TZO Y, — H; o MO_H(XO)H%I, which corresponds to
a maximum likelihood estimation. If the forward operator is invertible, this works well
when observations are noiseless, but otherwise, the problem becomes ill-posed and the
estimation is degraded by overfitting data. We conducted an assimilation experiment
augmenting progressively the level of noise. In Figures and [3.13] we display scores
inside the assimilation window after optimization. We notice the expected behavior. The
estimation fits practically perfectly the observation independently from the level of noise
while the rest of the estimated trajectory quickly deteriorates. Looking at the estimated
motion field displayed in Figures and [3.12] we see that the noisier the observation,
the more the motion field is unusable for a potential forecast.
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Figure 3.10: Shallow water system: Estimated motion field from 4DVAR without back-
ground, evolution regarding noise level

3https://github.com/ArFiloche/Variational_Assimilation
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evolution regarding noise level
RMSE SSIM EPE
1.000 0251
0.030 4 50
0.025 0.995 //\ 020
404
0.020 4 0.990 4 0.15
0.015 4 304
\/ 0085 | 0.104
0.010
204
0.005 4 /\’/ 0.980 4 0.05 q ¥
\—/ K |
0.000 1= + + + + + + + + + + + + + + + + + + + + 10 + + + + + + +
0.0 25 5.0 75 100 125 15.0 0.0 25 5.0 75 100 125 150 0.0 2.5 5.0 75 100 125 15.0 0.0 2.5 5.0 75 100 125 15.0

t

t

t

Figure 3.13: Advection system: Assimilation performances of 4DVAR without back-

ground, evolution regarding noise level

3.1.5 Regularization with Gaussian background prior

The Gaussian background prior hypothesis aims at regularizing the estimation.

The

4DVAR algorithm then optimizes the observational and background cost: J(Xg) =
% Zszo 1Y; —H; oMo, (Xp) ”%?, +|Xo ||% which corresponds to a maximum a posteriori esti-
mation. The employed background regularization is the one introduced in Section [2.4.2
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We conducted the same noise sensitivity experiment augmenting progressively the level
of noise, dlsplaylng assimilation score in Figures[3.15]and [3.17] and estimated motion field
in Figures [3.14] and [3.16, We clearly see the regularlzmg effect avoiding overfitting the
noisy observation. On the motion estimation, the difference is blatant and estimated
fields stay smooth for all the levels of noise.

Figure 3.14: Shallow water system: Estimated motion field from 4DVAR with background
regularization, evolution regarding noise level
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Figure 3.15: Shallow water system: Assimilation performances of 4DVAR with back-
ground regularization, evolution regarding noise level
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Figure 3.16: Advection system: Estimated motion field from 4DVAR with background
regularization, evolution regarding noise level
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3.2 Learning 4DVAR inversion directly from observa-

tion

3.2.1 DMotivation

Again with the ambition to bridge DA-ML and after the encountered issue in the iterative
experiment given in Section we decided to look for an hybrid architecture. The
latter should be trained on database in only one optimization step and still using only
information about imperfect observation and a dynamical model. Starting modestly, we
used the perfect model hypothesis so that in this section, M will be perfectly known.

3.2.2 Method

Inspired by physics-constrained deep architectures discussed in Section [2.3.4] we decided
to use a neural network ¥y that should output initial conditions from observations and
associated errors covariance (see Eq , which is exactly the task solved by 4DVAR. We
make the convenient hypothesis that observational errors are also uncorrelated in space
so that R™! is diagonal and this diagonal can be reshaped in the observation format.

Fo o (Y,R™Y > X (3.1)

We consider having a dataset denoted D = {Y®, R_l(i)}f\; , not containing the ground
truth so that the supervised setting is not an option. To train the neural network, we
forward the estimated initial condition with the dynamical model and then calculate
the observational, as in 4DVAR. Gradients are back-propagated through the dynamical
model first and then through the neural network. A schematic view of the performed
forward integration is drawn in Figure [3.1§

3.2.3 Bayesian view

We first consider a sample Y of D and the associated ground truth X. Using the notation
of the classical variational assimilation Bayesian framework introduced in Section [2.2.2]
the perfect model hypothesis gives p(X) = p(Xg) and the modeling choice gives p(Xp) =
(X — Fo(Y,R1)), where ¢ is the Dirac measure. Simply adapting the posterior leads
to Eq. [3.2] where K is a constant.

T
1 2
~logp(X | Y) =3 ZO ler, Iz, —log K

st. Fo(Y,RH =Xy and M(X,) = X4

(3.2)
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Now, considering that all the trajectories in the dataset are independent and identi-
cally distributed, and denoting the desired ground truth set 7 = {X(i)}f\; ,» the posteriors
for each trajectory are also independent as written in Eq.

N
~log p(T" | D) = ) log p(X? | Y1) (3.3)
i=0

Cost function

Then the cost function associated with the MAP estimation can be developed as in
Eq. 3.4, The adopted notation makes it complicated but the loss is just the sum of the
observational loss on all the dataset. A simple way of thinking about it is to run multiple
4DVAR in parallel to optimize a common set of control parameters 6.

T
t=0 t

1 ¢ 1
TO) =5 ) ) Nlegollo =5

N
i=0 t=0 i=0

Gradient

We can deduce an analytical expression of the gradient, first using the linearity of the
gradient (Eq. , then the chain rule (Eq. and finally using the adjoint state method
(Eq. as introduced in Section 2.2 However, the gradient on the whole dataset will
never be calculated as we will optimize the architecture in a deep learning fashion using
mini-batch gradient descent. Interestingly, each sample in a batch will lead to only one
backward integration of the dynamics.

N T
VoI (6) = ) D Vallsgul (3.5)
i=0 =0 !
Voller, Ik, = Vxoller, g, VoXo = Vx, ller, Ik, VoFa (Y. R™) (3.6)
A(H, oMo, "
Vxoller I, = (ITOI] R, &g, (3.7)
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Figure 3.18: Forward computational graph of the hybrid architecture learning 4DVAR in
an end-to-end manner. Functional f indicates an optional pre-processing for numerical
purposes.

3.2.4 Experiment settings
Lorenz96 dynamical model

We use the Lorenz96 dynamics [I18] as an evolution model (see Eq. numerically
integrated with Runge-Kutta 4 scheme. Here n indexes a one-dimensional space. On the
right-hand side, the first term corresponds to an advection, the second term represents
damping, and F is an external forcing. We use the parameters dr = 0.1 and F = 8
corresponding to a chaotic regime.

dX, ,
dt

= (Xt,n+1 - Xt,n—2)Xt,n—1 - Xt,n + F (38)

Observation

Starting from white noise and after integrating during a spin-up period to reach a sta-
tionary state, we generate ground truth trajectories. To create associated observations,
we use a randomized linear projector as an observation operator, making the observation
sparse to finally add a white noise. Noises at each point in time and space can have
different variances, eg,, ~ N(0, 0y,), and we use the associated diagonal variance ma-

trix defined by R;} = U% Figure [3.19 displays an example of simulated observations.

Variances are sampled unn’tiformly such that o,; ~ U(0.25,1). When a point in the grid
is not observed, we fix ”R,;} = 0", which corresponds to an infinite variance meaning
a lack of information. From a numerical optimization view, no cost means no gradient
back-propagated which is the desired behavior.
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Figure 3.19: Observation generated with the Lorenz96 model, a randomized linear pro-
jector as observation operator and a white noise.

Algorithm benchmarks

We evaluate our method (NN-4DVAR-e2e) on the assimilation task which is estimating
Xp. We compare it with 4DVAR, a neural network trained on the output of the 4DVAR
estimation (NN-4DVAR-iter), and a neural network trained with the ground truth (NN-
perfect). The latter should represent the best-case scenario for the chosen architecture
while NN-4DVAR-iter plays the role of the iterative method. The same neural archi-
tecture is used for all the methods involving learning. Its design is fairly simple, being
composed of 5 convolutional layers using 3 X 3 kernels, ReLLu activation, no down-scaling,
and a last layer flattening the two-dimensional maps into the shape of Xg. Table[3.3|sums
up the differences between the algorithms.

H Algorithm H Y ‘ R! ‘ X ‘ Optimization ‘ # of M forward ‘
4DVAR v v X 1 step N time n_iter
NN-4DVAR-iter || v/ v X 2 steps 1 time N X n_iter
NN-4DVAR-e2e || v v X 1 step 1 time N Xn_epoch
NN-perfect v v v 1 step 1 time 0

Table 3.3: Summary of the materials needed to optimize the algorithms: 4DVAR, NN-
4DVAR-iter, NN-4DVAR-e2e and NN-perfect

3.2.5 Additional details

The Dataset is composed of 550 samples, 250 are used for training, 50 are used for testing
if a learning procedure is involved and 250 are kept for validation. The displayed score
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metrics will only concern the validation set. 4DVAR is optimized with an L-BFGS solver
while for neural networks we use Adam. The learning procedure involves 50 epochs using
a batch size of 16.

3.2.6 Results

We ran the experiment one time using a background matrix B = Al; to regularize 4DVAR
estimation (see Fig|3.20) and one time without, optimizing 4DVAR only on the obser-
vational cost (see Fig [3.21)). To evaluate the accuracy of an estimation, we use the

RMSE(Xo, Xo) = \/Zn(in,o — X,,0)2 and the Bias(Xo, Xo) = 3,,(Xn0 = Xp0)-
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Figure 3.20: Lorenz96 assimilation experiment: Boxplot of RMSE and Bias, comparing
4DVAR-B, NN-4DVAR-iter, NN-4DVAR-e2e and NN-perfect, 250 samples

The first experiment shows that 4DVAR provides the best estimations. Astonishingly,
the neural network trained on perfect data is the worst performing and we could not find
an explanation. However, the 3 learning-based algorithms have not significant differences
in terms of RMSE. Regarding the bias, 4DVAR-NN-e2e is the less biased algorithm.

RMSE Bias

3.5

0 ® mean 0.2 ® mean

. J& B o7

—-0.2

2.0 A

1.5 1 —0.4 1 0
1.0 1 —0.6
ol e ==

0.0

4DVAR NN-perfect NN-4DVAR-iter NN-4DVAR-e2e 4DVAR NN-perfect NN-4DVAR-iter NN-4DVAR-e2e

Figure 3.21: Lorenz96 assimilation experiment: Boxplot of RMSE and Bias, comparing
4DVAR, NN-4DVAR-iter, NN-4DVAR-e2e and NN-perfect, 250 samples

49



While the perturbation may be too artificial, the second experiment shows that if
4DVAR is not already tuned to provide good estimations, then building a dataset of
estimation from it may be an issue. One cumbersome solution could be to filter manually
the bad estimation but this would require designing a criteria.

3.2.7 Critical discussion

Some obvious critics can be made to the proposed method. First, if the observational
noise is at least correlated in space, the associated covariance matrix cannot be used as
a mask along the observation. One could argue that such a matrix being real symmetric
is therefore diagonalizable, so that a change of basis could solve this issue. However,
this transformation has to be the same for each trajectory for the proposed method
to remain usable. Also, the method fixes the maximum assimilation window size. For
smaller windows, it can still be used filling the masking variance with zeros accordingly
but for larger ones, the only possibility is to use sliding windows, then raising to question
of the coherence in time. Typically, the method in that form can not fit quasi-static
strategies [119] employed in variational assimilation.

However, the method may have a computational interest. As depicted in Table [3.3]

learning the inversion directly with our method may be less computationally costly, in
terms of dynamics integration, depending on the ratio n’i;;tg;h (comparing the number

of iteration in 4DVAR with the number of epoch in the learning). Also, once learned,

the inversion will not require estimation, but this is also true for the iteratively-learned
network.

Perspective

The lesson we took from this experiment is that it is probably hard to beat a well-
tuned strongly-constrained 4DVAR and that optimizing on one specific window may be
an advantage while learning over a database may have a smoothing effect. But we also
exhibited that a neural architecture has desirable regularizing effects. Indeed the proposed
architecture did not use additional regularization and provided good results optimizing
only the observational cost. In the next chapter, we investigate more deeply this effect
but assimilating on only one window.
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CHAPTER 4

Variational Assimilation with deep prior

The classical variational assimilation cost function is derived from modeling errors prior
with uncorrelated in times Gaussian distribution. The optimization then relies on error
covariance matrices as hyperparameters. But such statistics can be hard to estimate
particularly for background and model errors. We propose to replace the Gaussian prior
with a deep convolutional prior circumventing the use of background error covariances.

To do so, we reshape the optimization so that the initial condition to be estimated
is generated by a deep architecture. The neural network is optimized on a single obser-
vational window, no learning is involved as in a classical variational inversion. The bias
induced by the chosen architecture regularizes the proposed solution with the convolution
operators imposing locality.

We propose several experiments highlighting the regularizing effect of deep convolu-
tional priors. First, we show that such prior can replace background regularization in a
strong-constraint 4DVAR. We extend the idea in a 3DVAR set-up using spatio-temporal
convolutional architecture to interpolate sea surface satellite tracks and obtain results
on par with optimal interpolation with fine-tuned background matrix. Finally, we give
perspective toward applying the same method accounting for model errors or uncertainty
hoping to remove the need for model-errors covariances.
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4.1 Strong-constraint 4DVAR with Deep Background

Prior

The work presented in this section has partially been the subject of a communication at
Climate Informatics 2022 [120]. The code associated with the conducted experiments can
be found at this GitHub address|l]

4.1.1 Method

We use the exact same data assimilation framework described in Section 2.2l and consider
the situation where the dynamical model M is time-independent and perfectly known so
that p(X) = p(Xo).

Deep background prior

A background usually provides prior information and acts like a regularization on the
initial condition Xy to be estimated. As already well discussed in Section [2.3.3] the
idea behind DIP is that using a well-suited untrained neural architecture to generate the
solution of a variational inverse problem can act as a regularizer. We simply transposed
the idea to data assimilation and ask generator network gg to output our estimated initial
condition io the solution, starting from a latent parameter z, see Eq. 4.1

g0(2) = Xo (4.1)

The prior then becomes p(Xg) = 6(Xg — go(z)), where ¢ is the Dirac measure, and
adapting the posterior given in Section we obtain the Eq. where K is a constant.

T
1
~log p(X | Y) =5 ) llew g, ~log K
t=0

st. ge(z) =Xg and M(X;) =X

(4.2)

Cost function

Then the cost function associated with the MAP estimation can be developed as in
Eq. A schematic view of the performed forward integration is drawn in Figure 4.1

T

2 _
> ller, IR, =
t=0

'https://github.com/ArFiloche/Variational _Assimilation

N —
N

T
J() = DUIY - Hy oMo 0 go(2)I, (4.3)
t=0
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We notice that only the observational error is to be optimized over 8 which would
correspond to an MLE in the standard 4DVAR setting. From a purely computational
perspective, control parameters have been shifted from the system state space to the
neural network parameters space, constituting a kind of augmented state. In [29], they
grid-search background matrix parameters using the observational error. They prove that
this is equivalent to doing an MLE using an augmented state integrating background
matrix parameters. This is very similar to what happens in our approach. Also, they
made a locality assumption which we can also make implicitly using convolutional layers.

fixed parameters
[ 1 control variable

observation
3 numerical cost
3 estimation

lerlR,) | ller i,

llerol%,

Figure 4.1: Schematic view of the forward integration used in strong-constraint deep
background prior 4DVAR

Gradient

The gradient of J () can be determined analytically. First, the chain rule gives Eq. [4.4
Then using the adjoint state method we can develop Vx,J (Xp) as in Eq. .

Vo T (0) = Vx, T (X0)VeXo = Vx,T (X0)Vege(2) (4.4)
4 0 (H; o My_,; T
VX(]j(XO) = Z [(TOO)] Rl lth (4'5)

t=0
Algorithm

Algorithm [4]is really similar to the vanilla ADVAR already presented. In the next sections,
we will not be detailing algorithms except in case of substantial variation.
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Algorithm 4 — Deep prior 4DVAR

Initialize: fixed parameter z, control variables 6

while stop criterion do
forward: integrate My_7(g¢(z)) and compute J
backward: automatic differentiation returns Vo
update: 6 = optimizer(8,.9 ,VeJ)

end while

return 6, X

4.1.2 Experiments

We test our strong-constraint 4DVAR with deep background prior (4DVAR-DIP) in twin
experiments involving the dynamical systems introduced in Section with the exact
same framework used in the experiments presented in Section [3.1.4] so that we have
comparison points with standard 4DVAR with or without background regularization
(4DVAR-B or 4DVAR, respectively). We nevertheless remind that if not precised, the
white noise variance is fixed to 1.5% of half the peak-to-peak signal amplitude.

Architecture

The choice of architecture is the handcrafted prior. In this experiment, we use the gen-
erative convolutional architecture introduced in [58], which is known as a good baseline
to generate images. We modified it a bit to avoid checkerboard artifacts, replacing de-
convolution operations by an upsampling operator followed by a convolutional layer, as
described in [121]. The relevance of the prior lies in the fact that it has produced well
on several image processing experiments. The architecture, procedure, and numerical
details are available on GitHub. To optimize the neural network we use the Adam opti-
mizer [113].

Shallow water case study

Results We ran the assimilation experiment over 100 series of observations. In Fig-
ure [4.2] we look at the RMSE and the AAE inside the assimilation window. We can
observe the regularizing effect of the deep prior on the RMSE, 4DVAR-DIP fit the data
and the estimation is not degraded between observational points as for the 4DVAR-B. But
looking at the AAE, the estimated motion field appears to be very imprecise, displaying
poor performances in comparison with 4DVAR.
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Figure 4.2: Shallow water system: Assimilation score inside the window, averaged on

100 estimations, 1.5% Gaussian white noise, transparent area is bounded by the average
score 0.2 standard deviation

However, if we dig into smoothness statistics of the estimated fields, ||[Vwgl|2, [|V.woll2
and |[Awgl|2, it seems that 4DVAR-DIP is able to capture complex statistics of the true
motion field. Similar behavior has been noticed in [63]. The histograms in Figure
show that 4DVAR-B and 4DVAR-DIP estimation have smoothness statistics very close
to that of the ground truth motion field while the 4DVAR estimation is distorted (see
Figure , exhibiting the regularizing effect of the deep prior.

[IVwoll2

I —r———

. Truth

Emm 4DVar
4DVar+B

. 4DVar+DP

t Lo,
5 0 15 20

1 25

100 A

80 1

60 1

40+

201

[IV. wol|2 [|Awo||2
mmm Truth 1004 . Truth
N 4DVar N 4DVar
4DVar+B 4DVar+B
mmm 4DVar+DP 804 Emm 4DVar+DP
Il | |L
Ii | I
204
_I.I..II|| L. O_I.I.IIII .
2 4 6 8 10 12 14 0 5 10 15 20 25 30 35 40

Figure 4.3: Shallow water system: Natural statistics of estimated motion fields from
various 4DVAR versions, 1.5% Gaussian white noise

Noise sensitivity We performed the exact same noise sensitivity experiment as in
Section [3.1.4] First looking at estimated motion fields (Figure [4.4)), we confirm that
estimations are smooth but more than that, they seem to conserve these characteristics
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even when the level of noise in the observation increases, as in 4DVAR-B (Figure but
not 4DVAR (Figure . Then, comparing assimilation results in Figure 4DVAR-
DIP appears less sensitive to increasing noise and less prone to over-fitting observations
than 4DVAR-B (see Figure and 4DVAR (see Figure [3.11). This is in line with
the original “Deep Image Prior” paper exhibiting that convolutional architecture can not
overfit noise easily. Again, we notice the regularizing effect of the deep prior.
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Figure 4.4: Shallow water system: Assimilation performances of 4DVAR with deep back-
ground prior, evolution regarding noise level
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Figure 4.5: Shallow water system: Estimated motion field from 4DVAR with deep back-
ground prior, evolution regarding noise level

Advection case study

Results Conclusions drawn for the shallow water system stand for the advection one
regarding natural statistics of the estimated motion field (see Figure . In contrast, we
see that 4ADVAR-DIP estimation of the motion field is more precise (AAE in Figure .
In this configuration, it is interesting to look at forecast performances (see Figure |4.8) to
gauge the balance between fitting the observation and having a good estimation of the
motion field. And it seems that the ADVAR-B estimation has the best balance considering
longer-term forecasts. Even if the design background regularization appears to be more
accurate, the deep prior still shows interesting properties.
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Figure 4.6: Advection system: Natural statistics of estimated motion fields from various
4DVAR versions, 1.5% Gaussian white noise
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Figure 4.8: Advection system: Forecast scores, averaged on 100 estimations, 1.5% Gaus-
sian white noise, transparent area is bounded by the average score +0.2 standard deviation

Noise sensitivity The 4DVAR-DIP estimated motion stay smooth when the level of
noise in the data augments (see Figure. Looking at assimilation results (Figure ,
4DVAR-DIP again shows a strong denoising effect. The variability of the assimilation
score is even more consistent between different noise levels.
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Figure 4.9: Advection system: Assimilation performances of 4dDVAR with deep back-
ground prior, evolution regarding noise level

Figure 4.10: Advection system: Estimated motion field from 4DVAR with deep back-
ground prior, evolution regarding noise level
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Ensemble of deep prior

By training multiple times the same network with different weights initialization we no-
ticed significant differences in performances. It is now well documented that an ensemble
of neural networks can produce significantly better results [122]. Even though our ap-
proach is untrained, we observed similar behaviors. Also, even using the exact same
initialization, a small perturbation in the data can greatly influence the optimization
path. This is what happened in the noise sensitivity experiment in Figures [£.4] and [4.9]
where the 4DVAR-DIP performances do not exactly decrease when the level of noise
augments. With the objective of having a more accurate estimation of such sensitiv-
ity, we believe the experiment should be run with multiple noises and multiple weights
initialization, which is computationally costly.

Averaging to enhance performances Optimizing multiple deep priors with different
weights initialization and averaging their outputs, we obtain better estimation than the
best one performed by an individual network as depicted in Figures and Doing
so, an ensemble of 4DVAR-DIP is competitive with 4DVAR-B but to be fair, we should
compare it with an ensemble of 4DVAR, for instance, EnsVAr [123]. Moreover, the added
computational complexity is not worth it. Details about computational considerations
are discussed at the end of the section.
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Figure 4.11: Shallow water system: 4DVAR-DIP assimilation score for different weights
initialization, 1.5% Gaussian white noise
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Figure 4.12: Advection system: 4DVAR-DIP assimilation score for different weights ini-
tialization, 1.5% Gaussian white noise

Uncertainty quantification ? Having an ensemble at disposal, it is natural to want
to use it to characterize uncertainty. Using the result of the same ensemble experiment,
we displayed in Figures [4.13| and [4.14] the error maps on I of the estimation and the
standard deviation of the ensemble along the assimilation window, for the shallow water
and the advection system, respectively. It is blatant for the shallow water case and it
is also the case for the advection one, there is no correlation between these two maps
so that we don’t think the ensemble provides a useful uncertainty quantification. Our
interpretation is that the stochasticity in the 4DVAR-DIP initialization introduces some

bias in the estimation which can be eliminated by averaging several samples.
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Figure 4.13: Ensemble shallow water DIPs: Error and standard deviation maps of the
4DVAR-DIP ensemble assimilation
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Figure 4.14: Ensemble of advection DIPs: FError and standard deviation maps of the
4DVAR-DIP ensemble assimilation

Adding regularization

Adding regularization to deep prior methods is already investigated, for instance, in [66]
they add a total variation for more regularization. Regarding motion estimation using
variational assimilation, the background cost enforces smoothness but also promotes small
motion values. From a numerical optimization view, such regularization is particularly
useful to avoid undesirable behavior of the control parameters. Indeed, the initial motion
field is the control here and it is not constrained by observations, only by the background.
In our 4DVAR-DIP, only the observational cost is optimized so that nothing promotes
small motion values. This is why we decided to try a La-regularization on the initial
motion field, corresponding to a Gaussian prior and leading to a MAP. We repeated
the ensemble experiment with such regularization, results are plotted in Figures [4.15
and and show that it improves drastically the accuracy of the assimilation for the
shallow water while it degrades it for the advection system.
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Figure 4.16: Advection system: 4DVAR-DIP using Lo-regularization, assimilation score

for different weights initialization, 1.5% Gaussian white noise

The need for an additional regularization opens the door for criticism: why should one

use a deep prior if one needs to design an additional prior? An answer we find acceptable

is that even if Lo and background regularization both correspond to Gaussian priors, the

former is much simpler in the sense that there is only one parameter to tune. Our take on

this is that the deep convolutional prior is able to handle the needed spatial correlation

for a regular solution but not letting some control parameters totally free can be helpful.
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4.1.3 Critical discussion
Computational complexity

Using a deep prior adds a layer of complexity on top of 4DVAR which is already non-
trivial. There is still the issue of having the numerical optimized on GPU for better
compatibility that we will not discuss here. During our experiments, we noticed that the
numerical scheme integration was the computationally costly part of the forward model.
The number of integration made in 4DVAR and 4DVAR-B was limited to 150 while for
4DVAR-DIP 15000 and 2500 iterations were made for the shallow water and advection
system, respectively. It corresponds to between one and two orders, of magnitude in
terms of model integration, which is totally prohibitive for operational application. And
it is not even considering the ensemble of deep priors.

Convergence criterion

The main criticism addressed to the “Deep Image Prior” inspired method is that it needs
an early-stopping criterion even though some already exist [65].

Over-fitting Without such criterion, the deep prior may over-fit the observation version
leading to a distorted estimation. In Figures and we monitored the assimilation
scores during the optimization, deliberately fixing a large number of iterations for 4ADVAR-
DIP to highlight this over-fitting effect. Regarding the shallow water system, we clearly
see that at some point in the optimization, the deep prior starts to over-fit regarding the
estimated motion field. But this criticism can also be addressed to 4DVAR: even the
regularized version exhibits an over-fitting behavior. In the advection experiment, this is
less blatant but still, 4ADVAR-DIP seems to over-fit. It is to be noted that the number of
iterations and so integration of the dynamics is very large, so the early-stopping is also
computationally beneficial.
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Figure 4.17: Shallow water system: Monitoring of assimilation score during the optimiza-
tion for 4DVAR, 4DVAR-B, and 4DVAR-DIP, using different levels of noise.
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Figure 4.18: Advection system: Monitoring of assimilation score during the optimization
for ADVAR, 4DVAR-B, and 4DVAR-DIP, using different levels of noise.

Hyper-parameters tuning

The most important hyper-parameters to tune in our 4DVAR-DIP are then the learning
rate and the number of optimization steps, which are intertwined parameters. As 4DVAR
and 4DVAR-DIP are both “unlearned methods”, we can use the same procedure. When
the ground truth is not available, a good objective metric is the forecast performances on
the observed variable, I in our cases. The solution we ended up adopting was to fix the
number of optimization steps and finding a complementary learning rate. An interesting
work could have been to look for hyper-parameters maintaining a certain accuracy while
minimizing the number of integration of the dynamics.
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Architectures design

Obviously, the choice of architecture is influential as it constitutes the prior. In the origi-
nal DIP paper, they show that diverse convolutional architectures reach similar accuracy.
However, they also show that the depth of the used neural network plays an important
role. For instance, the deeper the network the better the in-painting results. It is to be
noted that natural images are present so we obviously cannot transpose these conclu-
sions. In our experiments, we used a deep prior with 5 layers. An interesting sensitivity
experiment we could have made would have been to remove these layers one by one and
see the influence on the estimation. A similar experiment could be made on the num-
ber of filters, looking forward to the simplest architecture possible maintaining accuracy.
In [67] authors design the “Deep Decoder” architecture to reach DIP accuracy while being
severely under-parameterized, having less weights than the number of pixels in the fitted
image.
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4.2 Simultaneous Downscaling and Assimilation

The work presented in this section has been the subject of a communication at RFIAP
(Congrés Reconnaissance des Formes, Image, Apprentissage et Perception) [124)]. The
code associated with the conducted experiments can be found at this GitHub address EI

4.2.1 Downscaling ocean simulation

Increasing the resolution of numerical simulations allows to represent finer physical dy-
namics, instead of representing it with parametrization [125], and then better explains
spatio-temporal variability of eddy fields. But when coupled with various satellite ob-
servations in a data assimilation scheme, the interpolation tends to smooth small-scale
processes [126] and results in diminishing forecast skills [127]. By simultaneously assimi-
lating and increasing the resolution of observations, we hope to participate in developing
methods to soften this issue.

4.2.2 Super-resolution

The single image super-resolution task consists in recovering a particular high resolution
image denoted X" from a low-resolution observation X!, modeled as the output of a
decimation operator denoted d, such that X! = d(X"). Estimating super-resolution from
an observation can be seen as an optimization problem minimizing an energy function
of the general form ||d(X") — X!)||. By rewriting the observation operator H = d o p
where p depends on the application, we highlight the fact that the variational data
assimilation framework is suited for simultaneous system state estimation and super-
resolution. However, as d is non-injective, it increases the ill-posedness of the inverse
problem. For the sake of simplicity, we won’t use the notation X” so that when X, it is
implicitly at high-resolution.

4.2.3 Shallow water twin experiment

The proposed methodology is tested within a twin experiment where data are generated
from a numerical dynamical model. Observations are then created by sub-sampling, dec-
imating (down-sampling), and adding noise. The aim of this experiment is to highlight
the regularizing effect of DIP in an excessively ill-posed, ocean-like data assimilation
problem. To do so, we compare several super-resolution 4DVAR algorithms, one using a
deep image prior. We repeat the same experiments with different downscaling ratios and
different levels of noise. In all the assimilation experiments, the dynamical model M and
the decimation operator d are assumed perfectly known. The objective is to estimate

?https://github.com/ArFiloche/RFIAP_simulataneous_assimilation_downscaling
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the high-resolution true system state X from low-resolution observation of ocean surface
height deviation 7.

Experiments details

Observations At regularly-spaced observational dates, a low resolution of n is ob-
served, up to an additive white noise. The velocity field w is never observed. The chosen
decimation operator d is a 2-dimensional average pooling convolution of kernel size r X r,
r being the upscaling factor. This means that at observational date ¢, the observation
operator H is the composition of a linear projector and d so that HX; = d(n,;). White
noise is then added. Examples of generated observations are displayed in Figure [£.19
The considered temporal window has a fixed length of 10x dt so that T = 9. Observations
are sampled at date t =0, 3,6,9. Several upscaling factors, r = 1, 2,4, 8, are investigated,
r = 4,8 roughly corresponding to the factor between high-resolution numerical simula-
tions and sea surface height satellite resolution [128]. Several levels of white noise are
investigated. The standard deviation of the noise is expressed as a percentage of the
low-resolution observation dynamic range. We investigate 0%, 1%, 2%, and 3% which is
the level of noise to be expected in the most recent altimeter [90]. For each upscaling
factor and each level of noise, 100 series of observations are generated.
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Figure 4.19: Examples of one noiseless generated observation series, using different down-
sampling ratio r

Compared algorithms
We compared the already presented 4DVAR, 4DVAR-B and 4DVAR-DIP algorithms.

Hyper-parameters tuning

For each downscaling factor, hyper-parameters are tuned using Bayesian optimization on
low-resolution observations forecasts so that ground truth is never used. The noise level
is fixed at 1%. Regarding DIP, we made the choice to fix the number of epochs to 1000
and only having the learning rate as a hyper-parameter and experimentally found similar
optimal learning rates for each downscaling factor.

4.2.4 Results

For each downscaling factor and each level of noise, we optimized the three different
versions of 4DVAR on 100 series of observations. As the dynamical model is considered
perfect, the initial condition entirely characterizes the estimated state so that 7y and
w( are the quantities to look at to assess the quality of the estimation. Once such a
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condition is estimated, it is possible to produce a forecast integrating the dynamics, we
will then use 77741 and 745 to evaluate forecasts performances. All these estimations are
in high-resolution and are then compared quantitatively and visually to the ground truth.

Quantitative results

Quantitative results of the main experiment are displayed in Table Such a table is
available for each level of noise. We decided to display the one for 1% level of noise as it
is the closest to the satellite noise range and because we tuned hyper-parameters at this
level. The first interesting result to note is that when no downscaling task is performed
(r = 1), classical 4DVAR algorithms perform better, which makes sense as the optimized
cost function has been designed assuming Gaussian errors. However, augmenting r, the
4DVAR-DIP algorithm seems to be performing better, at least in forecast performances.
Regarding metrics quantifying the quality of the motion field estimation, 4DVAR-DIP
systematically outperforms 4DVAR and more particularly 4DVAR-B.
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Table 4.1: Metrics quantifying the quality of the assimilation and the following forecast for various downscaling factors and a fixed
level of noise of 1%

Assimilation Forecast
Quantity 10 wo nr+1 nT+5
Metric RMSE (x10%) SSIM  EPE (x10%) AAE RMSE (x10%) SSIM RMSE (x10%) SSIM
r=1
4DVAR 1.4+£0.2 098+0.01 1.1+02 7=x1 3.9+08 087+0.065 3.8+0.7 0.89+0.04

4DVAR-B 1.3+0.2 098+001 1.1+03 6+1 1.8+03 096+0.01 18+03 0.97+0.01
4DVAR-DIP 28+09 094+0.04 56+1.3 315 42+13 092+0.04 48«15 0.91+0.04

4DVAR 72+27 0.74+£0.12 54+18 29+6 16.7+5.7 040x0.07 17.7+5.6 0.39+0.12
4DVAR-B 70£58 0.77+0.19 19+06 11+2 66+47 0.76=+0.18 69+45 0.76+0.16
ADVAR-DIP 29+09 093+005 55+1.0 30+5 44+14 092+005 50+1.6 0.90+0.05

r=4
4DVAR 24+03 095+001 21+04 13+£2 60+1.1 076=+0.07 6.1+£1.1 0.77+0.05
4DVAR-B 4.7+13 085006 16+03 9+1 45+09 085 +0.05 46+1.0 0.85+0.04
4DVAR-DIP 33+08 0.92+0.04 6.1+1.3 336 53+13 089+0.04 57+1.6 0.88+0.04
r=38
4DVAR 81+1.6 0.71+0.11 39+03 25+5 11.8+09 0.51+0.06 11.9+1.0 0.51+0.06
4DVAR-B 81+16 0.71+0.11 39+03 25+5 11.7+£1.0 051+£0.06 11.8+1.0 0.51=+0.07
4ADVAR-DIP 79+17 074+0.12 9.7+3.0 47+9 11.2+13 0.66+0.08 109+1.4 0.67+0.09




Qualitative results

To better understand error sources, we displayed in Figures [4.20], .21 and [£.22] error maps
for ng, wo and 7j745. First looking at assimilation results, we see that square patterns tend
to appear in estimated states with 4DVAR and 4DVAR-R while 4DVAR-DIP estimation
stays smooth. The harder the downscaling task the bigger the squares. When combined,

square degradation propagates through the dynamical model which explains the better
forecasts performances of ADVAR-DIP. However, 4dDVAR-DIP seems less precise and more
intense and this is confirmed in Figure [£.23] In an experiment with no noise, we see that
the used deep prior can’t perfectly fit observations, contrary to the classical prior.

4DVAR ADVAR-B ADVAR-DIP
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Figure 4.20: Assimilated height 7y error maps for each downscaling factor and 4DVar
algorithms, noise level of 1%.
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Figure 4.21: Assimilated wy error maps for each downscaling factors and 4DVAR al-

gorithms, noise level of 1%.
intensity is normalized, quiver arrows quantify the intensity of the motion field.
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Figure 4.22: Forecasted 7745 error maps for each downscaling factors and 4DVAR algo-
rithms, noise level of 1%.

Sensitivity to noise

We repeated similar experiments with different levels of noise and noticed in Figure [4.23]
that the used deep prior is robust against noise increases. It is to be reminded that hyper-
parameters have been tuned at a single level of noise so they may be less relevant in other
cases. We believe that the inductive bias from the architecture choice brings a desirable
regularity to our problem. For instance, the qualitative results show that the estimated
motion fields have interesting characteristics that are not translated in the chosen optical
flow metrics. So we looked at ||[Vwgll2, ||V.woll2 and |[Awg]|2, statistics characterizing
smoothness and observed in Figure that are naturally close to the desired ones and
not very sensitive to noise increase.

4



0.35

4D|Var
4DVar-reg
03 DIP 4DVar i
0.25 B
0.2 : H 4
0.15 .
[ ] : ®
0.1 ¢ %I .
0.05 % % %l .
=
0 1 1 1 1

0%

1%

2%

3%

Figure 4.23: Evolution of RMSE of 57,5 forecasts regarding the level of noise in the
observation, with r = 4, for each 4DVAR algorithm.
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Figure 4.24: Evolution of ||[Awg]|| regarding the level of noise in the observation, with
r =4, for each 4DVAR algorithm and for the ground truth.

Ensemble of DIP

As discussed in Section [4.1.2] an ensemble of DIP removes bias in the estimation. In
Figure [4.25] we focus on the X4 super-resolution assimilation of one series of observations
images. We then optimize 50 Deep Image Prior, and note that scores of averaged es-

timation are superior to the average score. We arbitrarily displayed RMSE and AAE
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assimilation scores but the same behaviors are obtained with all the metrics. A similar
plot with various downscaling factor is presented in Figure and show that the en-
hanced performances appear every time for every measured metric. Looking at errors
for different members in Figure [£.26] we see that they tend to compensate. We again
conclude that an ensemble of deep image priors enhances performances.

RMSE AAE
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Figure 4.25: Evolution of deep prior ensembles RMSE and AAE scores, realized on one
series of observations; downscaling factor r = 4, noise level 1%.
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Figure 4.26: Evolution of deep prior ensembles RMSE (forecast) and EPE scores, realized
on one series of observations, downscaling factor r = 1,2,4,8, noise level 1%, scores
presented here are relative so that the whole curve is normalized by the performance of
the first member.
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Figure 4.27: Evolution of deep prior ensembles RMSE (forecast) and AAE scores, realized
on one series of observations; downscaling factor r = 1, 2, 4, 8, noise level 1%.
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4.3 3DVAR with deep spatio-temporal prior

The work presented in this section has been the subject of a communication at ECML/PKDD
Workshop on Machine Learning for FEarth Observation and Prediction (MACLEAN)
[129]. The code associated with the conducted experiments can be found at this GitHub
address Bl

4.3.1 Geoscientific motivations

Monitoring and modeling the ocean is a constant scientific concern whether for global
climate understanding or numerical weather prediction. To do so, information from vari-
ous sensors is processed in order to estimate the state of the ocean. Surface circulation is
usually a variable of great interest as it explains the transport of numerous quantities. It
can partially be derived from sea surface heights which are observed thanks to altimeter
satellites [130, 13T]. However, such data are very sparse in space and time so that inter-
polating them leads to challenging inverse problems. Even though classical least square
methods relying on second-order statistics data [48] [47] have a strong operational record
and are still getting better thanks to the growing number of available observations [12§],
deep learning techniques have revolutionized inverse problems solving [59]. But in the
Earth science context, ground truth is not available, so that a supervised learning setup
is not realistic. In this work, we investigated the deep prior method [33], optimizing a
neural architecture on only one spatio-temporal observation of sea surface heights. We
show that the designed deep prior provides efficient regularization.

4.3.2 Optimal interpolation of sea surface height
Observing System Simulation Experiment

The used dataset and the simulation experiment framework have been introduced in [132]
and we use the pre-processing of [I08]. The interest here is to estimate the full space-time
trajectory of the sea surface height (SSH) variable. The considered ground truth is the
result of NATL60 high-resolution ocean simulation [I133] re-scaled at (1/20)°. We denote
the 3D-volume of dimensions (7', ny, n,) representing a ground truth space-time trajectory
X, an example is displayed in Figure [£.28]

day0 day4 day8 dayl12 dayl6 day20 day24 day28

Figure 4.28: Example of reference sea surface height trajectory

Shttps://github.com/ArFiloche/MACLEAN_deep_spatiotemporal_prior
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The observation operator used to create the dataset aims at simulating two satellite
sources. The first is a constellation of 4 nadir altimeters [130] with small spatio-temporal
coverage. The second is from a wide-swath altimeter, replicating the Surface Water
and Ocean Topography (SWOT) upcoming mission, and made possible thanks to the
observation simulator introduced in [I3I]. Observation Y denoted available at regular
time-steps, per daily interval and obeys the following observation equation Y = HX + &,
where H is a linear projector associated with satellite tracks and € a measurement noise.
An example is displayed in Figure [£.29] pointing to a significant sparsity in space.

day 0 day 4 day 8 day 12 day 16 day 20 day 24 day 28

Figure 4.29: Example of sea surface height satellite observation along a trajectory

DUACS analysis

The Data Unification and Altimeter Combination System (DUACS) [128] analysis is
a result of a best linear unbiased estimation (BLUE) introduced in Section [2.2.3] This
estimation relies on the knowledge of second-order statistics, covariance matrices of state,
and noise that we denote B and R, respectively. To estimate B, DUACS leverages
25 years of reprocessed sea level altimetry so that this estimation is a strong baseline.
The produced estimation f(blue = BH” (HBH” + R)™! can be achieved equivalently in a
variational manner [49], minimizing the energy function detailed in Eq.[4.6/and condensed

in Eq. 4.7

J(X) = (Y -HX)'R (Y - HX) + X"B~'X (4.6)
= IY - HX||§ + XI5

Deep spatio-temporal prior

Similarly, we use a well-suited neural network to generate the estimation, acting as a
handcrafted regularization, leveraging bias induced by the convolutional architecture.
This means that the control parameters are shifted from the system state space to the
neural network parameters space. From a practical standpoint, a generator network gy
outputs the solution from a latent state z such that gg(z) = X. In our case, we ask the
network to output the spatio-temporal system state trajectory on a specified window,
then we optimize it using the observational cost J(6) given in Eq. [4.§

J(6) = IY —Hoge(2)llz (4.8)
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Architecture The global design of the used deep prior is largely inspired by generative
convolutional architectures introduced in [134]. To avoid checkerboard artifacts, we re-
placed deconvolution operations as described in [121]. Finally, to ensure spatio-temporal
coherence of the generated solution, we used (2+1)D convolution [I35], which is an al-
ternative to 3D convolutions being less expensive computationally. A schematic view of
the architecture is provided in Figure [£.30]
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Figure 4.30: Schematic view of the deep spatio-temporal prior architecture.

4.3.3 Experimental results
Observational window

We tested the method on 32-day windows with 128 X 128 sized observation. Referring
to Section [4.1.2] about ensembles of deep priors, we observed similar behavior training
multiple networks with different initialization and obtained better results averaging the
ensemble. In Figure [£.31] estimation from DUACS and deep priors are compared using
the root mean square errors (RMSE) metric. We observe that the ensemble is indeed
beneficial and performs slightly better than DUACS interpolation. We also notice border
effects, such that deep prior estimation deteriorates at the beginning and at the end of
the temporal window. Logically, the DUACS optimal interpolation does not suffer from
border effects as considered estimation were window-centered.
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Figure 4.31: RMSE comparison of optimal interpolation from DUACS and deep spatio-
temporal prior on a single 32-day observational window example

Looking at the error maps displayed in Figure [£.32] we conclude that both methods
have very similar spatial structures. We also notice that error maps for the DUACS
optimal interpolation present checkered numerical artifacts while the deep prior ones are
smoother. Our interpretation is that various biases induced by the chosen deep architec-
ture emphasize low-frequency patterns avoiding high-frequency artifacts introduced by
numerical optimization directly at the pixel level.
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Figure 4.32: Error maps of DUACS and deep prior estimation at various times in the
same observational window

Year-long analysis

We also compared both methods on a year-long analysis. But training an ensemble of
deep priors at each window can be computationally cumbersome. To overcome this issue
but still benefit from ensemble performances, we adopted a sliding window along the year
and averaged estimation from different windows excluding border estimation. Results are
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displayed in Figure As for the single window experiment, RMSE scores are in the
same range and slightly better with an ensemble of deep prior.

—— DUACS Ol
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Figure 4.33: RMSE comparison of optimal interpolations from DUACS and sliding-
averaged deep spatio-temporal prior on a year-long period

Conv(2+1)D ablation

To justify the use of (2+1)D convolutions, we performed a similar experiment using only
2D convolutions and considering the time as channels. Results displayed in Figure
show that such prior lacks temporal coherence and degrades performances, particularly
at times when observations are very sparse.
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Figure 4.34: RMSE comparison of optimal interpolation from DUACS and deep prior
with vanilla convolutional architecture, on a single 32-day observational window example
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4.4 Perspective on variational assimilation with deep

prior

4.4.1 Accounting for model error with deep spatio-temporal prior
Motivation

The first results obtained so far show that a convolutional neural network may play the
role of a suitable background matrix. Also, in the previous section, we saw that using
convolution in space and time, such architecture can account for spatio-temporal error
modeling. In the conducted experiments involving a dynamical model, the perfect model
hypothesis was made and even though it can be useful, it is rarely verified. A natural
yet ambitious idea would be then to transpose ideas developed previously to account
for model errors in the estimation without needing to specify the covariances matrices
Q;. Also, using a spatio-temporal convolutional architecture, we hope to get rid of the
uncorrelated in time errors hypothesis.

In Figure we look into various error sources comparing similar dynamical models
and see how differences in the dynamics propagate and accumulate over time. Error
clearly shows temporal correlation. Even though it is not exactly comparable with a weak
4DVAR setup where controls at each time step may compensate such error propagation,
we can have a glimpse on why it could be interesting to loosen the uncorrelated in time
hypothesis. So that in this section, we will use a spatio-temporal deep prior gg with the
architecture given in the previous Section [4.30]

The question that remains is how to integrate the weak-constraint 4DVAR scheme
with the architecture? Our first attempt was to replicate the classical additive error
scheme, asking the deep prior to output the initial condition and the model errors over
time, as drawn in Figure [£.35] The ambition here was to optimize model errors still only
using the observational loss function. But the architecture was hard to optimize, probably
due to the complex retro-propagation path similar to the one found in recurrent neural
networks. To make it converge, we add to employ additional Lo-regularization and even
with this, the accuracy of the estimation could not justify the additional methodological
and computational complexity.
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Figure 4.35: First attempt to account for model error with deep spatio-temporal prior

Method

Moving forward, we decided to use the spatio-temporal deep prior to generate the whole
trajectory as in the previous section, such that gg(z) = X. The log-posterior to be
maximized is given in Eq. [£.9] where K is a constant. We could not find a proper analytical
expression for the associated prior p(X). The used cost function is similar to the weak
4DVAR one, except that the model error covariance matrix becomes a dilatation, Q = Al,.
As discussed in Section [4.1.2] this also corresponds to a Gaussian prior hypothesis, the
advantage would be to avoid designing a particular matrix Q. A simple schematic view of
the method is drawn in Figure and we name the associated algorithm weak 4DVAR-
STDP, STDP standing for Spatio-Temporal Deep Prior.
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Figure 4.36: Schematic view of weak 4DVAR-STDP

Preliminary Experiment

We briefly tested the method in a twin experiment using the advection system, where the
dynamical model is partially known. We simulated various model error sources by either
using another scheme, removing the non-linear advection part, diminishing the time step
size by 75%, or all at once. In Figure [4.37 errors between the reference model used to
generate the data and the various degraded dynamics are displayed. We compared 3
algorithms: 4DVAR-B, 4DVAR-DIP and 4DVAR-STDP.
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Figure 4.37: Advection model: Difference between integrated trajectory by a reference
model versus a degraded one, starting from the exact same initial condition, using various
degradation. Reference model: Implicit Semi-Lagrangian scheme for non linear advection.

The assimilation and forecast results (Figure 4.39) show that the best performing
algorithm in this context is 4DVAR-B which is a bit disappointing. However, 4DVAR-
STDP performs slightly better than 4DVAR-DIP which still constitutes an improvement.
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Figure 4.38: Advection system: Assimilation scores of 4DVAR-B, 4DVAR-DIP, 4DVAR-
STDP using various degraded dynamics, average on 5 examples, 1.5% white noise
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Figure 4.39: Advection system: Forecast scores of ADVAR-B, 4DVAR-DIP, 4DVAR-
STDP using various degraded dynamics, average on 5 examples, 1.5% white noise

4.4.2 Uncertainty quantification with Bayesian deep prior
Motivation

Bayesian deep learning [136], [137] is a tool allowing us to produce uncertainty quantifi-
cation with deep neural networks. In [68], authors performed such Bayesian inference
using deep image prior with Gaussian weights. To do so they used stochastic gradient
Langevin dynamics [I38] (SGLV) allowing to sample from the posterior. They show that
their Bayesian deep prior avoids overfitting and allows relevant uncertainty quantification.
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Method

We basically replicated the procedure used in [68] and adapted it to our physics-constrained
inverse problem enabling uncertainty quantification. We are not confident enough to en-
sure that it really corresponds to SGLV. However, we did copy their optimization proce-
dure carefully, using Algorithm |5 derived from their coddﬂ.

Algorithm 5 — 4DVAR with deep bayesian prior

Initialize: fixed parameter z, control variables 6

while stop criterion do
forward: integrate My_7(gg(z)) and compute J
backward: automatic differentiation returns Vg g
add noise: V9T =Ve T +€ st. e~ N(0,Ir)
update: 6 = optimizer(0,9 ,V99)
if n_iter > n_burninphase then keep X as a sample
end if

end while

return 0, X, samples

Preliminary Experiment

We used the same shallow water experimental setting as in Section [4.1.2] and simply
changed the algorithm. The assimilation scores are displayed in Section and show
that while still competing with 4DVAR-B, the method allows us to sample from the
posterior, naturally giving an ensemble.
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Figure 4.40: Shallow water: Assimilation scores of the Bayes 4ADVAR-DIP assimilation

Looking at the error maps on I of the estimation and the standard deviation of the
sampled trajectories in Figure [4.41] we doubt that the uncertainty introduced around

“https://github.com/ZezhouCheng/GP-DIP/
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the weights provides information to quantify the uncertainty of the estimation. Our
interpretation is the same as in Section the introduced stochasticity is a numerical
trick allowing to reduce the bias of the algorithm. However, one interest of such an

approach could be to have the performance of an ensemble of 4DVAR-DIP in only one
optimization.

E(lens)3

&(lens)s E(lens)o

E(lens)12

Std(lens)o Std(lens)B 5td(’ens)9 Std(lens)IZ Std(lens)lS

o025
0020
oo1s
o010
0005

0.000

Figure 4.41: Shallow water: Error and standard deviation maps of the Bayes 4DVAR-DIP
assimilation
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CHAPTER 5

Conclusion

5.1 Overview

The idea of the thesis began with the statement that variational assimilation and deep
learning are closely related and with the willingness to leverage recent deep learning
advances to robustify assimilation. The first step was to clearly understand the mecha-
nisms at stake in the 4DVAR algorithm but also re-coding it using deep learning tools.
The flexible embedded automatic differentiation in the latter made the 4DVAR algo-
rithm much more accessible, opening the door for hybrid methods. Having this in hand,
we followed the recent literature on algorithms iterating data assimilation and machine
learning steps, trying to learn mechanistic model errors as a dynamics, parameterized
with a deep neural network. Setting up an experiment, we partially succeeded in re-
trieving missing dynamics but most importantly, the technical issues encountered had us
questioning the method. In the hope of circumventing the cumbersome iterations and
inspired by existing physics-constrained neural networks, we designed a hybrid architec-
ture allowing us to learn the 4DVAR inversion directly from observation, unifying deep
learning and variational assimilation in a single optimization phase. The results of the
associated experiment led us to believe that the learning approach may have a smoothing
effect, diminishing the overall accuracy of the assimilation, but also that the inductive
bias of the used convolutional architecture had desirable regularizing properties. From
this perspective and after discovering the paper “Deep Image Prior”, we decided to investi-
gate similar hybrid architectures but optimizing them on only one observational window.
We exhibited in a strong-constraint 4DVAR and 3DVAR experiments, that a well-suited
deep architecture can replace the usual background prior modeling, circumventing the
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Gaussian background error hypothesis and the associated covariance matrix. Finally, we
went back to our initial ambition to correct the model error and adapted the method in a
weakly-constrained framework, and also tried to account for uncertainty quantification.
To this day, this work is still in progress.

5.2 Software

An important part of the thesis concerned algorithmic development and a contribution we
wanted to make is an easy-to-adapt code for potential users interested in developing their
own 4DVAR algorithm, given at this GitHub address. As emphasized in Section [3.1.1]
4DVAR has long been hard to access due to tangent linear adjoint modeling but it is much
easier now using tools like Pytorch with native automatic differentiation. Particularly,
different versions of 4DVAR presented in the manuscript and coded in Pytorch, including
vanilla’s and deep prior’s, are at disposal in the folder 'assimilation’. The code has been
simplified over time leading to a minimalist version of 4DVAR. Adapting our code, the
only thing you need is to format your data in the right shape and translate your forward
model (dynamics and observation operator) in Pytorch, which is easy if you already have
it in Python/Numpy. Also, classes are available to experiment in a few lines of code as
shown in Listing [I} Such experiments using Lorenz96, Advection-based, and the Shallow
water model can be found in the notebook_demo folder. Finally, the vast majority of
the experiments presented in the manuscript are reproducible following the Experiment
folder.
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HRRBHRARRAGHRRBRAGRHRRHHRRHHA

# define a dynamical model
dynamics = SW()

# define a ground truth simulator
simulator = Simulator_SW()

# simulate ground truth
X = simulator.sample()

# define observation operator
H = Observation_operator_sw()

# define observation simulator with the desired moise
simulator_obs = Simulator_obs(H,sigma_perc=1)

# sample observation from ground truth trajectory
Y, Rml, sigma = simulator_obs.sample (X)

# choose assimilation algorithm - strong 4DVar
assimilation = strong_4DVar(dynamics, H)

# fit / optimization
assimilation.fit(Y, Rml)

# result / trajectory estimation
X_hat = assimilation.X_hat

# make a forecast ?
X_forecast = assimilation.forecast(n_step)

RRRBHRRRRRGHRRBRAGRRRGHR R H

Listing 1: Pytorch 4DVAR experiment exemple
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5.3 Perspectives

5.3.1 Scaling

All the designed algorithms presented in the thesis have been tested on small-scale sim-
ulated systems. This setup is quite far from operational consideration concerning data
quality, knowledge of the underlying physics, and complexity of the dynamical model.
The question we can discuss but cannot answer now is the following: could the proposed
algorithm be used in a tougher operational environment? Machine Learning and Data
Assimilation are fields intimately tied to computational engineering. While the latter has
been operating Numerical Weather Prediction for decades, handling “Big Data” before
it was even a term, the former has been gaining traction at an ever-increasing speed.
Tech giants already proved that deep learning-based methods can scale. In [I39] they
coined the term “Neural Earth System Modelling” and speculate on the convergence of
both paradigms with certitudes on the hybridization. My personal opinion on the ques-
tion is that the Data Assimilation community has the expertise advantage regarding
data processing and physical modeling while the Machine Learning community has the
methodological advantage, having addressed similar inverse problems toward tracking
intractable integrals as discussed in Section [2.3.4]

5.3.2 End-to-end learning

High-dimensional applications inspired by deep image prior already exist [64] even though
they avoid gridded space using geometric deep learning [140)]. As for Data assimilation,
these methods need to be optimized for each desired inference while deep learning-based
inference is computationally cheap, being optimized only once. We would like to point
out that the variational assimilation with deep prior can be transposed in a learning
set-up using the framework given in Section losing the advantage of working on a
specific sample but gaining statistical knowledge of a database.

5.3.3 Reliable uncertainty quantification

Quantifying uncertainty is a constant preoccupation in numerical weather forecasting as
considering different scenarios can be critical depending on the application. Regrettably,
this has only been superficially addressed in the thesis. Uncertainty quantification is
naturally done by ensemble data assimilation [0} [7] and similar ensembling methods can
be used in a variational setting [123]. Machine learning also provides tools for genera-
tive modeling for instance using approximate variational inference [I41} [138] and those
are already applied for NWP [142]. From a far enough point of view, all these methods
introduce arbitrary stochastic components that may be artificial in the sense that esti-
mated uncertainty and actual errors are not correlated as it has been pointed out in [143]
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studying ensemble Kalman filtering and observed in some of our variational experiments,
as described in Section [4.1.2] and 4.4.2, To the best of our knowledge, a challenging

perspective would be to work toward reliable uncertainty quantification.
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