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Al and Climate Science

Generative Al — large language model

developers
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Ocean Modeling, Forecasting and Monitoring Systems
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Ocean Modeling, Forecasting and Monitoring Systems
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Observations Data assimilation Physics-based Po?t-pro.oessrmg,
forecast dissemination

Camlex etal (2018) .

Hardware and ﬁ +
Software Ecosystem




Ocean Modeling, Forecasting and Monitoring Systems
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Challenges? (1) Computational complexity

1/4° ~ 10kh CPU
1/60° ~ 40Mh CPU

Consequences:

e Strong constraints on representativeness vs. complexity
e Hardware and software solutions based HPC +


https://www.youtube.com/watch?v=xmE9t0WYhsA

Challenges? (2) How to make the most of observations?
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https://www.youtube.com/watch?v=BYODDf6bEAQ

Challenges? (2) How to make the most of observations?
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Challenges? (3) Uncertainty Quantification

" 24 - 4

h: () e T bt it L L T T mam e ——— (A i g e . . . . . .

Ty e - W\Wwﬂ»m lllustration of uncertainties in the simulation of

B -7 1 1 l . .

is- : : the primary production of the ocean (CMIP6
-4 . .

% .3{/RC AP {&ca feor simulation ensembles)

& 2+

A

T O PrvTTTesrarcimagosey o R

o 11 ““\M"“\.\.-

3 2] |

E .34

5 2 lno A | nas

- 24 4

; 1- .W'

T 0l naar e yanss BT e e aama =ZoE

E ) ] ]

E ; ARCASPNASEO_ASASINDS/}P\JPSEQPSPSSCCN .

£ ocean province i Challenges and shortcomings : model

j'z' , — calibration, parametrisation of unresolved

5 19 el - uncertainties on forcings, ensembles’ size ....

"'z O PR ER S R R - = P T O irew W ¥ v o b e o s EEA UL S LALL S I e s o UL R L

v 1] T ]

B 21 1 1

- :

§ .4 4 - - 4

2 .5 |sAs . s0C 1508 1 Glooal

2030 20060 20%C 2030 20060 2030 2030 20G) 2090 2030 2C¢G0 2090

From Tagliabue et al., 2021, https://doi.org/10.3389/fclim.2021.738224



https://doi.org/10.3389/fclim.2021.738224

SRR PO 707077 7 D T T

» (:\ : -
& .l’ " ~
L -
4 e >
SRS
-ﬁf.
b~

£t 77 24

P A

o £ -,
onal
s 7l ,/;

How can Al advance operatic

/' 7 / / p //f /a‘ , ; ‘ 0 -.’7." g | - OJ,O ‘.{
A JaAL 52107070797 700 . g
A #7) / ,ﬁ‘? 702070799 92 71297 ‘05;5

Y "'/ 5957

—
-

BT % 045177987516719695 7687895

> 27
2227 A,@.’JI«Z // /

OTOTOO7 777070 70
D7070077 77070707



Al to complement operational systems (new tasks)
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Al in Operational Oceanography Systems

[ Observations Hnata assimilati

Physics-based

forecast

@a®
2R

|

Ll
Al
TTTT

Post-processing,
dissemination

13



Towards hybrid ocean models

(End-to-end) learning of reduced-order models

4 )
High-resolution ( 0Xy

= F(X) +9(Z) — Known terms
VS.

Reduce-order Unknown term to be

) . 0X, — represented by a neural

SQG case-study: example of
simulated vorticity state
using different closures
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Frezat et al., 2022



Towards hybrid ocean models

Neural Networks
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Al in Operational Oceanography Systems
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Al to replace existing ocean models (here, MEMO)

Short-term neural ocean forecast (eg, GLONET)
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Al to replace ocean Data Assimilation Ssytem

Appllcatlon of end-to-end neural DA to SSH mapplng (altlmetry data)

OSSE-based training
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Lessons learnt so far

Growing number of (operational) demonstrations of neural
schemes in operational oceanography

State-of-the-art performance of neural schemes for “at-scale”
demonstrations (eg, global ocean)

Training schemes from simulation, reanalysis and/or
observation datasets

Key to develop collaborative domain-relevant datasets and
benchmarks [OceanBench, arxiv:2309.15599]

Towards ocean foundation models



https://arxiv.org/abs/2309.15599
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Data assimilation (for a ML scientist)

Partial observations y

DA scheme regarded as the composition of elementary
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(Weak constraint) 4DVar Data Assimilation (DA) formulation

State-space formulation:

S (o)
i, e a 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




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

arg min ||y — Hz|” + Az — @(2)|

ok — (k) _ aV T (x(k)’ y)

Challenges to solve the 4DVar minimisation

e High-dimensional state (>1011)

e Availability of the gradient of the 4DVar cost
e Non-convex optimisation / local minima

e Computational complexity

Partial observations y

Solutions in the DA literature:

e Sequential optimisation

e Gradient-free approaches (e.g., EnKF)
e Reduced-rank approaches

True states x



The example of Optimal Interpolation/Kalman Filter

L~ N(M, 2)
State-space formulation:

y=Hx + €

Resulting variational formulation:

Partial observations y 7 = arg mxin 1/0_2 ||y . H£U||2 4 (gj — Iu)tz—l(ﬂ? — ,LL)

1

wp -+ K(y—H-p) with K = SH [HSH' +0°1]

Equivalent variational formulation:
7 = argmin [y — Ho|* + Az — ()

subject to ®(z) = [I - X"V . o + 272

True states x



Application in oceanography (satellite altimetry)
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Model-driven vs. Learning-based approaches

e f Direct learning-based methods

- T - 5 i

Learning-based |
| TR Deep unfolding methods

_~ - " T 'S _ ) -

4DVarNet o
(Fablet et al, 2021) /"

;  Model-based /

methods ~

Inverse problems ;
(eg, DA)

“Classic” methods
argmin Ay [l — ylIf, + Az |l2 — @(2)|)



Data assimilation (for a ML scientist)

Partial observations y

DA scheme regarded as the composition of elementary
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End-to-end deep learning schemes

End-to-end architecture

Deep learning

|
|
|
; §
|
|

Models

A 5 \ h
’ )" oy 3 N
. : 7] 3 |
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: i SNBSS N SAIRR ANE |

Partial observations y True states x

Which neural architectures ?

Which training loss ?



WC-4Dvar DA as a deep unfolded scheme

Unfolded architecture
of a 4DVar-WC scheme

T = argmin ||y — Hx||2 + Az — ®(2)|?
T J

-~

JH,@(way)

Iterative update rule

21 — (k) _ aV 3 T, (x(k)’y)

https://doi.org/10.1029/2021MS002572

Iteration step k

Observations y

(k—1) |
xl):T j
Unrolled
architecture vX
A
© (k)
Ko
Reconstructed
states

k+1

k+2

(k+2)

xD:T


https://doi.org/10.1029/2021MS002572

Folded vs. Unfolded Representations

An example with a ResNet

:  Representation

Unfolded
Representation

Zl?t R —&+ R




Data Assimilation using Deep unfolding schemes: 4DVarNets

Unfolded architecture of a Iteration step k k+1 k+2
4DVarNet scheme
: Observations y
§ . 2 2
{ 7= argmin ||y — Hz||” + Allz — @(=)|
d a . - - ¥ 3 2
Ju, (z,y) (k=1) | . .
X0.T J j g
Unrolled
. . architecture vx Vx Vx
, Iterative gradient-based update
| D) — () LR [vaH@ (a:(k), y)} R R R
S °:k . o
Fablet et al., 2021 x k) - Xpop Xgor
https:/doi.org/10.1029/2021MS002572
Reconstructed
Meta-learning review, Hospedales et al., 2020. states

arXiv:2004.05439


https://doi.org/10.1029/2021MS002572

Data Assimilation using Deep unfoldmg schemes 4DVarNets

. o ] 4 4DVarNet end-to-end neural DA
Trainable Variational DA formulation . - .

T = argmin ||y — H:UH2 + M|z — ®(2)]? : [ Ench-to-nd DVarNet sclver }

At = x4 R (Ve [x®, 31

) :

oo oo S e, | R Y ey
! Trainable or pre-defined ! Trainable or pre- ; Wsliciyling verintional formmiiation
! observation model | defined prior ; [ % = arg min, I|x,y] :]
s ' ' with J1x, ] = lly — HOOIE + A lx - () I°
\ J

Trainable solver |
kD) = (k) L R [V Ju,o (x(’“), y)} '7. Which training loss?

/ \ ' SuperVised VS. NO“'SUPerVised?

Automatic differentiation



https://doi.org/10.1029/2021MS002572
https://github.com/CIA-Oceanix/4dvarnet-starter

Bi-level formulation for Data Assimilation

Model-driven schemes: Z = argmin ||y — H:CH2 + Az — ®(2)])?
€I

End-to-end learning schemes: = = U (y) s.t. U = arg m\gn[, {zn, Yn, Tn}tn)

Partial observations y Training phase as the targeted bi-level optimisation problem

s.t. &, = argmin ||y, — Huz|* + M|z — ®(2)]?

Relaxed formulation in 4DVarNet
®,S = argmin £ ({Zn, Yn, Tntn) S-t. Tn = Vo s(yn, Hy)

O /

Approximate (trainable) solver of the variational minimisation

True states x



Ongomg 4DVarNet-reIated toplcs ( cia-oceanix. glthub io )

ImpI|C|t Iayers 4DVarNet, Ol and SPDEs

~

End-to-end 4DVarNet sclver
x®H = xR (\"xJ[x“’,)'])

v Chsarvation data y ‘

Underlying variational formulaticn
% = argmin, Jx, y]|
with JIx,y] = lly — H(x)I* + A Ix - 2(x) I

Multimodal synergies

4 ™
Frd-to-end AAarN ot sohee-

Rl R (9.0 (2 13)]

: 2

Aszadoied wriatonal cost
2l =G+ e = VA + Ml =i T



https://cia-oceanix.github.io
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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




End i end 400 e K et wobver ]

4DVarNet reconstruction of L96 dynamics o e

3
04 ‘ @ r orsl sl
e —_— . .\.True ODE | um";‘f.:f:.;..ty o

- i .\ ~ . ' L-.i.: Tay e RN K- $ol”
c UNet Prior —"*
g . N
2" T ~ \ T Classic 4DVar minimisation
wn ~ . .
§ N \\. ____________________ (Unsupervised setting)
3 i
»
3 004 \

- gradient descent ‘or ODE cost - ‘ ) o )

l | marned solver for OCE cost = Jountly kearned cost and solver 4DvarNetS

ot Qico LTS 015) Q125 0100 0075 0050 0.025 0.OX0 (Supewlsed tralnlng)

Best 4DVar score >
True and observed states Reconstructio

_

Time —»

Generic vs. Observation-optimized priors?
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Which robustness to the samplmg pattern?

J

w(t) =
sgr (E)
Sns(t)

Bauchot et al. JAMES, 2025. 10.1029/2024MS004462 3

R
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AMOC dynamics
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https://doi.org/10.1029/2024MS004462

Can we beneflt from a flrst guess from operational DA systems?
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4DVarNet and Uncertamty Quantlflcatlon
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SPDE priors with 4DVarNets

Step I: estimation of the augmented state from observation data usingthe X — [X Q]T ;'
trained 4DVarNet .

Step Il: sampling the SPDE prior with estimated parameter @

Step lll: computing the error samples from simulated SPDE states using the same mask as the
real observations

Step Il: sampling “posterior” states as the combination of the neural interpolation of the real
observations and of an error sample

x*i(s,t) = x*(s,t) + (X (s, t) — x(s, 1))

e _T - o 5 L



SPDE priors with 4DVarNets for Satellite Altimetry
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Take-Home messages

* Growing literature bridging DA, UQ, DL
* Learning from simulations for applications to real data

* Moving towards conditional generative approaches

State-of-the-art performance for the reconstruction and
forecasting of ocean surface dynamics

* Importance of collaborative interdisciplinary frameworks




Fostering interdisciplinary and open science

OPEN SCIENCE

opening : architectures, workflows, datasets and codes s

Key for developing robust, well-proven evolutive solutions S ——

New French initiative to design ocean benchmarks: https://

github.com/ppr-ocean-ia/data-challenges-info Tyl

e.g. : collaborative
data challenges


https://github.com/ppr-ocean-ia/data-challenges-info
https://github.com/ppr-ocean-ia/data-challenges-info

Initiative “Al & Ocean”: Ocean Data Challenges
https://github.com/ppr-ocean-ia/data-challenges-info

Scientific coordination: R. Fablet, IMT Atlantique

Technological coordination: Q. Febvre, J.F. Pill (Ifremer), K. Ait Mohand, G. Cossio (IMT

Atlantique), Q. Gaudel (Mercator Ocean Intl)

Selected Benchmarks

- DC1. Emulation of Global Ocean Reanalyses
- Scientific lead: J. Le Sommer (IGE), A El Aouni (Moi), S. Ouala (Odyssey), A. Storto (CNR)

- DC2. Probabilistic short-term forecasting of global ocean dynamics
- Scientific lead: L. Drumetz, F. Sévellec (Odyssey), J. Le Sommer (IGE), S. Metref (Dallas)

- DCa3. Arctic Sea Ice Forecasting
- Scientific lead: S. Metref (Datlas), P. Rampal (IGE), J. Brajard (NERSC)

-  DCA4. High-resolution monitoring and forecasting of tropical cyclones
- Scientific lead: Q. Febvre, A. Mouche, B. Chapron (Odyssey)

- DCb. Marine Biodiversity Prediction
- Scientific lead: J.O. Irisson (LOV), L. Guidi (LOV). D. Mouillot (Marbec), A. Joly (LIRMM)

Distribution Date: September 2025 (before Kick-Off workshop)

Git organisation for the development phase: https://github.com/ppr-ocean-ia

+
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