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Overview of the talk

* Challenges in ocean observation, modeling and forecasting

* Beyond Neural Networks regarded as black boxes

* End-to-end learning can make a difference
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Context: No observation / simulation system to resolve all
scales and processes simultaneously



https://www.youtube.com/watch?v=YDRE3sTwN8w

Challenges in space oceanography

How to reconstruct from observations ? How to simulate/forecast from observations ?
| |
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Key reasons for considering DL
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High-performance computing (GPU) Large annotated dataset (> 1M)

Keras

TensorFlow PYT b RCH

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




“State-of-the-art” DL schemes applied to physics-related
problems
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https://www.youtube.com/watch?v=n3r6dXsRo9k

. P -
) \_; -
-

End-to-end physics-informed L%E
reconstruction and forecasting pr' . "

/.' .
q{._; H /' ,

F
TE
70C
| 2 21057 070707010
X Y - 07070 101
a (l 'y . j . ‘f/ /u .' 4‘ " Olu J ' , p
O, . 0 IO | W 70707107
pADD T et e ¢ 70 yO70070170
7 . iGN 0007070 07070700¢
4 | 07070 7m

Partial observations y 700 7 7 7 7O 07070707000 True states x ;2?22;?3;
O7 77707 2
= 2 7070782 70700007870700777 7070707070 70¢




Data assimilation in earth sciences [Evensen, 2000]
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Data assimilation in earth sciences [Evensen, 2000]
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Each component designed using model-driven principles and
mostly independently.... But somewhat ability to fully exploit
observation datasets.



What about end-to-end learning for data assimilation?

AR Y [ End-to-end neural
% AN architecture | a

Partial observations y True states x

How to exploit prior knowledge for DA ?

Can we calibrate all the components of a DA scheme at once?



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

State-space formulation:

S (o)
i, e M (z(t))
L u(l) = @)+ el0). V€ {to,to + At to + NAY)

Partial observations y

Associated variational formulation:

arg min Ay Z lz(t:) = y(t) g, + Ao Y lla(ts) — ®(2)(t)]’

with  S(@)(f) =zt =A)+ | Mlz(u))du

= p argmin; [z -yl + Ao o — @ ()]

True states x




Bridging 4DVar DA and Deep Learning (rabletetal., 2020)

Model-driven schemes: =, = arg min HCE — ynH?) + A Hx - (I)(ZU)H2
T mn

Partial observations y

4

True states x



Bridging 4DVar DA and Deep Learning (rabletetal., 2020)

Model-driven schemes: =, = arg min HCE — ynH?) + A Hl’ - (I)(ZU)H2
T mn

Direct learning for inverse problems: T = \If(y)

Partial observations y

4

True states x

y—*

CNN
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Bridging 4DVar DA and Deep Learning (rabletetal., 2020)

Model-driven schemes: =, = arg min HCE — ynH?) + A Hl’ - (I)(ZU)H2
T mn

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

Proposed scheme: joint learning of the variational model and solver
Partial observations y
* Bi-level optimization formulation

arg mqinZL (p, Z,,) with Z,, = arg min ||z — ynHén + A\ ||z — ®(z))

\ Neural Network /

Training loss . .
implementation

True states x



Bridging 4DVar DA and Deep Learning (rabletetal., 2020)

Model-driven schemes: T — arg min Aq HJJ — yHé + Ao HOC — CI)(ZE)HQ
T

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

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

* Bi-level optimization formulation

. - o~ . 2 B 2
argmqanE (T, Tp) with Z,, = arg min |z —ynllg, + Az — @)
n

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

arg m(gnz L(xyn,Tn) with Z,, =
mn

Trainable iterative gradient-based solver using automatic

True states x differentiation to compute gradient of ||z — y.[l5, + Az — ®(z)|”

17



4DVarNet: Learning 4DVar models and solvers
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Trainable Variational DA formulation " Tralnable solver
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LSTM Automatic differentiation
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https://arxiv.org/abs/2006.03653
https://github.com/CIA-Oceanix/4dvarnet-core

4DVarNet: Learning 4DVar models and solvers

!

Trainable Variational DA formulation " Tralnable solver
. 5 5 | k1) — (K V U<1> (k),yﬂ
= argmin ||y — H(x)||* + M|z — ®(2)|| / \
X /v
LSTM Automatic differentiation

Trainable or pre-

| : " | | Trainable or pre- End-to-end architecture
. defined observation } defined prior ’

m Od el ' v ‘ v enn o f SN arch reTure b
S — ofiy W o e g " &
Learning criterion »;’ e b
Variational cost (hnon-supervised) ; || it | e || T ns)

Reconstruction error (supervised)



https://arxiv.org/abs/2006.03653
https://github.com/CIA-Oceanix/4dvarnet-core

4DVarNet: which projection operator ¢ ?

Parameterization @ Neural integrator A
using (trainable)

ODE operator t
t— A d
0x(t) _ ((0) P z( )+/t_AM9 ((u)) du
ot ‘ | \ /
£z
| 4 U-Net I
Two-scale - 4
U-Net-like 1
Parameterization

(similar to Gibbs/ Fan
Markov Random 4'
Field) k j




Application to Lorenz-96 system

— s, True ODE Classic 4DVar minimisation
\
. Unsupervised settin
- UNet Prior <= / ( P 9)
2 M~
E 02Zz+4
%
[
8 % I I N~ =
o 4DVarNets
® oo (Supervised training)
o0 -~ gradient descent for ODE cost o ] o ‘
l | earned solver for OCE cost = Joutly bearned cost and solver
o1 Qico LTS 0152 Q125 o.10C 0075 Q050 0.025 DO
Best 4DVar score >

True and observed states Recomtructnomexam,p_lgs_andmiated error maps

The true dynamical model may not be the best prior for DA ?




4DVarNet: Application to sea surface dynamics

From a Variational DA formulation ; Associated end-to-end scheme
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Space-time interpolation of sea surface geophysical fields

Satellite altimetry Sea surface suspended sediments

| R e Metric Dataset  Unit  Samp.Strat Ol DinEOF | 4DVarNet
. ) | - OSSE  log,o(e/1.]/m , 0176 0167 0.104
R RMSE  MODIS logofg/lfm  Random 0304 0.237 0.15G
B AN MODIS  log, [g/L]fm Patch 0346  0.253 0.168
| OSSL . 904 913 96,6
R-score  MODIS . Random 60.5 6.4 895

MODIS : Patch S6.5 73R 873

Real data

Simulation and real data

Best score for BOOST-SWOT SLA Data Challenge )
Learning from real gappy
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Oce ' (Br's 1%2 *5 wit b
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https://github.com/ocean-data-challenges/
2020a_SSH_mapping_NATL60

Mean gradient norm



https://www.youtube.com/watch?v=fKIlVmeq9dk
https://github.com/ocean-data-challenges/2020a_SSH_mapping_NATL60
https://github.com/ocean-data-challenges/2020a_SSH_mapping_NATL60

Key messages

- Beyond NNs as data-driven-only black
bloxes

Rotid ol Usit [FU) Farardretd thve T

Dbswrvation data ¢, £

LSTM ¢ RUN =il A

T omeraet@na

- Trainable variational DA models
(observation model, prior, solver)

- Application to interpolation, forecasting
sampling and multimodal synergies

- End-to-end learning makes it easier

* Scaling up to the global scale using Paper (doi): 10.1029/2021MS002572

Code: https://github.com/CIA-®ceanix/
4dvarnet-core



https://doi.org/10.1029/2021MS002572
https://github.com/CIA-Oceanix/4dvarnet-core
https://github.com/CIA-Oceanix/4dvarnet-core
https://github.com/CIA-Oceanix/4dvarnet-core
https://www.youtube.com/watch?v=7LVgOf9HB2I

Deep Learning and DA: insights and future work
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End-to-end architecture

« 4DVarNet = Differentiable Emulator for Data Assimilation

- Is the true forward model always the “optimal” choice? Which (differentiable)
priors for which observing systems and/or variables?

- How to embed uncertainty?



End-to-end deep and physics-informed learning and dynamical systems
(cia-oceanix.github.io)

| Observation-driven
forecasting '
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Learning for geophysical
extremes

" Trajectory data
modelling and analysis



https://cia-oceanix.github.io

End-to-end learning & Geophysical Dynamics

End-to-end (a posteriori) learning to better train stable neural closures
(Frezat et al., ML4PS 2021)

DNS ( 0X, ( )

= = F(X)) +9(Z) /Knownterms

VS. 4
0X,; — <\ |__—" unknown term

3 3 3

5 S i . ] =Y 1 W SQG case-study: example of
3 04 simulated vorticity state

SE| -1 ] -1 ‘ using different closures

_;4 2 . ! -3 4 3 . B -3 v ” ‘;‘ v v !

-2 0 2 -2 D 2 -2 g 2 -2 0 2

DNS M DynSmagorinsky M p:iors Aq =50 https://arxiv.org/pdf/2111.06841.pdf

aposteriori(szates)




End-to-end learning & Geophysical Dynamics

Learning bounded forward models for partially-observed systems

(Ouala etal., 2022)

Hidden dynamies

Partial obscrvations

Time, !

Prediction
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*

Augmented Neural ODE

Bilinear ODE with
boundedness constraint

End-to-end-learning to
match observed states

https://arxiv.org/abs/2202.05750
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