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NEED OF OCEAN SURROGATE MODEL

Ocean models Repeated model evaluations Ensemble & uncertainty Data assimilation Better forecast
State-of-the-art numerical Many simulations with different Explore uncertainty through Use observations to constrain More accurate and reliable
models initial conditions / parameters ensembles and statistics the model state ocean prediction
| Model |
Ensemble [ . . ‘
it integration

Run 3

A
Run 1 l
Run 2

NEMO / MOMé
3D ocean dynamics

Con;pare ‘

aCE : [ (update) with observations
Eddy-rich simulations _ Low High e
Coupled ocean physics Uncertainty (e.g. SSH std)
L, I'I :"
. Many model evaluations to characterise uncertainty o " 4
GURVAN et

| Processing uncertainty information requires a substatial computation.
al.

Better State Estimation Requires Repeated Differentiable Model Evaluations
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GLONET  EL AOUNI et Output

al.

CNN
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Capturing
Capturing long-range

Vi 1Y, local features dependencies YW r v 1
O’'SHEA et al. LI et al.

GLONET as a Differentiable Global 3D Ocean Emulator
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METHODOLOGICAL GAP - RESEARCH QUESTION

o Existing evaluations focus e Use in data assimilation ‘ o ML-based models can have biases
mainly on forecasting skill remains largely unexplored | due to training data
Most ML-based ocean models are assessed Operational and research DA systems mainly rely Emulators learn from data and may inherit
in free-running forecast experiments. on numerical models with established adjoint/gradient systematic biases or miss rare/extreme dynamics.
capabilities.
Reference (¢4 atumetn) il .- Mi-based forecast Observation Best estimate Beborence fe g teande) | \Mibaed noel SsH (m)
¢ P ——— ‘ & (ocean state) - r," 0.4
e peea 29 »
" Data . 0.2
‘ assimilation 0.0
Minimize
g observation mismatch B
=y ) -0.4
all Evaluation metrics: RMSE, ACC, etc. A End-to-end, real-time ML-ODA integration & Training data limitations (coverage, resolution, errors)
remains rare. Q Systematic biases and smoothing of variability
o Focus on short- to medium-term forecasts A Realistic multivariate and 3D scenarios
Demonstrated promising skill for many variables remain largely untested, A\ Difficulty in representing rare/extreme events
@B (e.g., SSH, SST, currents) A\ Full-cycle evaluation is limited, with , .
cycling robustness largely untested. 0 Impact of model biases on DA performance is unclear

Wang et al. GRANDE et
al.

Can we exploit the differentiability of an ML-based ocean emulator
to directly optimize its initial condition using future observational

information?
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OPTIMAL INITIAL CONDITION

Strong 4D-Var Best Initial Condition Estimation (BICE)

argmin | (V/ ) & v%](‘/’(ok)> .
v O Jobs(WO):Z(’(’(’(’
t=0

backpropagation

0.6

From varational cost funciton, only the

obsevation term is used to build an e 0% 200 400 460 g0

objective function of the strong 4D-Var BICE. kK+1 Kk

For simplicity obsevation operator H was l[/(o = l[/(o ) — f ( V)

implemented as a selection matrix and the The initial condition can be updated by a

observation error covariance matrix is funciton of the gradient of the cost function

negliged with regards to the initial condition. The
\ function can help to numerical convergece

of the optimization

iteration until converge
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EXPERIEMENT DESIGN: IMPACT OF OPTIMAL IC

Objective: Assess whether 4D-Var initial-condition optimization through the
differentiable surrogate improves state estimation and subsequent

forecast skill

Reference forecast

e WOI GLONET forward
GLORYS12 IRMSE |
comparaison
Optimized
\ forecast AN\

_ \ Strong 4D-Var e W
' ' "~ GLONET
forward

MERCATOR

'u ' fééw%? Co-funded by the .
IMT Atlantique - European Union OCEAN OceanPredict CP-TT/DA-TT 2026/10/27
Boornersgeom. M 44 " INTERNATIONAL




EXPERIEMENT DESIGN: IMPACT OF OPTIMAL IC

Can an optimized initial condition improve the subsequent forecast?

Assimilation window

i Forecast horizon
<« (observations) —p«

0.25 4 :
=  Ground truth (GLORYS12) | Background:
— = - Background (free GLONET forecast) larger error growth
0.20 —— Optimized initial condition (this experiment) / e
. T
- _— e
i
- - = =
WliH S _-
o 0.15 g
%) e
S L
(% L s
0.10 g Optimized initial
5 condition:
| lower error growth |
0.05
0.00 +

C\ 5 10 15 20 25 30
Time (days)

Initial condition ’

optimized att =0

Image 1: Forecast RMSE (from ground truth) evolution example

r P MERCATOR
Lﬁm - gt i g OCEAN OceanPredict CP-TT/DA-TT 2026/10/27

Bretagne-Pays de la Loire
- INTERNATIONAL

Ecole Mines-Télécom




BASELINE CONFIGURATION
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REPUBLIQUE
FRANGAISE

IMTAtI tq "
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Parameter/hyper-
parameter

Reference Value

Co-funde Hytl
European Union

Emulator
Assimilation window
Variables
Observation type

Optimizer
Learning rate
Iterations
Objective function

Evaluation region
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GLONET Y4
7 days
SSH, SST, SSS, SSU and SSV

Fully observed Ground truth by
day

Adagrad
10
550

Variational observation
mismatch

Global
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OPTIMIZED FORECAST VISUALIZATION

Kuroshio (25..45°N, 130..180°E) | best iter 493 | 2026-10-11_11-08-53/gpul_sample34 | day 1/28 (2021-02-06)

Ground truth anomaly Reference forecast anomaly Optimized forecast anomaly
45.0
0.6
425 - -
% el | | 0.4
3 35 - - - 0.2
: ‘ - - - = - ‘ ES # i
EJI:L& 35.0 - F - . f i - f - . 0.0 E
A 325 2 7 4 -0.2
m
2 300 4 - -
oL 'l ¥ -0.4
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-0.6
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Forecast anomaly comparison | timestep 0
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n f gt
e 2 L 0.2 b # d L 0.2
e fgena o, ek b i T
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Image 2: SSH anomaly in forecast lead time (a) Kuroshio region and Image 3: cost Function ] optimization

(b) global curve
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Q1. Can BICE Bring Better Ocean Forecast?

The Optimized Initial Condition Improves the Subsequent Forecast

—— Reference —— Optimized +1 std (N = 50 runs)
Assimilation window (days 0-7) --- Assimilation / forecast border (day 7)
0.5 _(a) Sea surface height
’ : —
020 A l
s I
~ 0.15 |
] I
n I
S 0.10 -
n e
0.05 -+ I
; T : : : : : : T : : : : : : 1
Image 4: SSH forecast RMSE evolution with strong-
4DVar BICE
RMSE [m] Cost
Reference 0.098 1 min
forecast |
Table 1: Forecast RMSE (SSH) at t=7 and Computational Cost
BICE analysis 0.067 5 hours
(31.40%)
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Q2. What Determines Optimization Performance

Summary of the three-sensitivity investigation

Jtarget ( WO):baCkgroundterm +Z 666

t=0
Observation information Assimilation window Loss formulation
Sparse observations | Longer window provides | Loss formulation is critical.
strongly degrade | stronger information | Multivariate weighting
reconstruction about the [.C. and its |strongly re-distribute
trajectory with higher | estimations skill over the
computation cost variables

Table 2: strong 4DVar BICE sensitivity
summary
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Q3. Are The Gradients Physically Meaningful?

Gradient Smoothing Improves Spatial Coherence Without Suppressing the

Useful Sianal

IC correction | Equatorial Pacific (-10..10°N, -160..-110°E)

_ rms 1.76e-03

_rms 1.71e-03

I 0.004

Sewtd -t = . | Lawgll e
- Eﬂ:ﬁ T T 1T IIELL . ) e ' T T \ - 0.000 ¢
= §==‘_1"E. - & - B - N, ., TN ! - ~0.002

I —0.004

Image 5: Gradient Smoothing effect before(left) and after(right) on IC
correction of SST

Methode RMSE (gain w.r.t P-scord
ref)
BICE analysis 0.067 (30.85%) 0.12
Smoothed BICE 0.069 (29.20%) 0.03 *0.04: ground truth field

Table 3: Forecast RMSE (SSH) at t=7 and Pixelization
Score

0.07: threshold for
pixelization
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CURRENT LIMMITATION FROM BEING PRACTICAL

A. Non-phyciscal optimization
- Grid-scale artefacts detected on initial condition correction
Cost function sensitivity & learned ocean dynamic sensitivity

B. Computational cost
lterative forward and backward model evaluation

5 hours for each optimization on a GPU NVIDA H100
50 samples ~ 10 days
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META LEARNING

(Xi,Yi) : mini-batches sampled from D(d)

Meta learning

train
(X1,Y1) (XQiYQ) (XsiYs) Optimization algorithm
5 v o, 6, can be a learning problem
0
— 8 Mo
Learner . (V1,£1) (Vo L2) .
_ R Learning a neural solver
4 <

enchances physics-
informed methods in time

Meta-learner : outputs the learner’s parameter
\

Y
Repeats T steps; t=1, ...,D

cource: Lil Repeats D steps; d =1, ..., D ANDRYCHOWICZ et LE BOUDEC et
ource: Lilian Weng

al. al.
Image 6: Meta learning

scheme

Can part of the variational optimization rule itself be learned too?

Ecole Mines-Télécom
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LEARNING UPDATE RULES

From Strong 4D-Var Best Initial Condition Estimation (BICE)

k
. J ( ) T VWOJ(W(O )>
argmin J , (W, Z C e . )
. JObS ( lljo ) T ‘=0 CGO6 backpropagation =
»{)kn):%k)_%(w’v,k;e]
iteration until converge | VONICH et al.

Update Initial Condition with Learned Update Rules
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IMPLEMTED META LEARNER

Input Meta Model (31M parameters) Output

U-Net

Capturlng dlfferent- |
scale features with S
embedded -

RONNEBERGER et al.
Where is current optimization

problem ?

How far update moved from original
1.C. ?

How steep the current optimization
problem ?
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META LEARNER OFFLINE TRAINING

Meta learner is trained to make further I.C. update in nested inner loop

1 iteration of outer optimization
20 inner iteration (glonet forward+backward)

Ll
2
18 |
1.6
14 OAVAV, . .
Learned optimization
‘ V=160
0 50 100 150 200 250 300 350 400 450 500 550

Step gradient descent

Image 7: Meta learner training curve

Image 7: Meta Learner Training Curve
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—— Reference = Optimized (meta) Assimilation window (days 0-7)

M E I A P E R F O R M A N ( : E — Optimized (w/o meta) +1 std (N = 50 runs) --- Assimilation / forecast border (day 7)
(a) Sea surface height
T ]

0.25 !
_0.20 A i /
£ i
= 0.15 - i
% :
5 0.10 -
0.05 - i
2 1
18 (b) Sea surface temperature
]
16 !
S 2 I
' @ Learned optimization é i
1:2
1 ;. 1
1 @ Step gradient descent 2 :
0 50 100 150 200 250 300 350 400 450 500 550 ” i % T T T i T T 1
(c) Sea surface salinity
0.6 - i
—~ (]
Image 8: Optimization comparaison between learned optimizer and step gradient E.; 644 i
descent method. o ' !
2 02- i
1
Methode RMSE P- C-cost/ i . . .
H (d) Zonal velocity
IN r run
ga score u o :
|
reference % | 31.40% 0.12 6 hours £ 015
BICE 2 o10-
Table 4: Meta Uearner Forecast RMSE (SSH) at t=7 and 4 i
Meta Computationalco®5.44%  0.04 1 hour s {4 . . .
. (e) Meridional velocity
iInference B !
* = i
Trained on only one optimization sample, then 50 R !
. . . . . 1
inference after 50 sequential days optimization A 0.10 4 .
E . Image 9: Meta Learner Forecast RMSE in
VMY b= MERCATOR 0.05 I lead-time
s, Co-funded by the ) T T T 1
IMT Atlantique - EuroLpean Un‘?on OCEAN 0 7 14 21 28
el INTERNATIONAL Lead time (days)




META LEARNER EFFECT ON GRADIENT FIDELITY

IC correction | Equatorial Pacific (-10..10°N, -160..-110°E)

_ rms 1.76e-03

IMT Atlantique

Lk no correction

i
= Co-funded by the
European Union
Bretagne-Pays de la Loire
Ecole Mines-Télécom

0.004

- 0.002

- 0.000

Image 10: Learned optimization I.C. solution on SST(right) and hand-
designed gradient descent solution (left) on equatorial zone
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LEARNED INITIAL CONDITION CORRECTION
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TAKE-HOME MESSAGES

|. Differentiable ML-based emulastor can be used in variational IC
estimation

Il. Forecast RMSE based improvement is not enough; physical coherent
gradient is needed

lll. Learned update shows promising framework to reduce computational
cost, although its behaviour need to be investigated further.

MERCATOR
m!;’ - =i v g OCEAN OceanPredict CP-TT/DATT 2026/10/27

INTERNATIONAL

ole Mines-TéIécom




Ex
REPUBLIQUE
FRANCAISE
Liberté
Egalité
Fraternité

IMT Atlantique

Bretagne-Pays de la Loire
Ecole Mines-Télécom

STICC

Co-funded by the SEED
European Union Societal, Energy,

Environmental,
industrial &
Digital transitions

OCEAN THAN
K

INTERNATIONAL

YOU

Jungwon LEE

junwon.lee@imt-atlantique.fr
+33 07 600 700 67



mailto:Junwon.lee@imt-atlantique.fr

Training Initial Condition
Variational DA NN training

: Find the state x (initial condition) that minimizes
4 . Combine

‘ - - 2 - 2
\ Initial condition J(x) o ||X xb”B_l U ”H(x) y”R_l
Observations = - : : :
(0. Stalit- Data ; I (l;')l; EE ?.L;L :go:ﬁl;jegg Fit to observations
radar, in-situ) Assimilation * el

(integrate information) ; -
Viewed as training a NN:

Best estimate of
Our knowledge / the system state Neural Network Optimized output

Le.gi.(, physi;al model, ) at initial time . (initial condition)
ackground, constraints, Inputs ( \ % :
8
L0

(observations, Loss function
background, etc.) * * (e.g., J(x)) *

©
EVENSEN Data Assimilation Machine Learning FABLET et al.
Cost function Loss function
Initial condition Parameters
Adjoint Backpropagation
Variational Gradient descent from
minimization loss function
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Al. BICE performance table by variable

The Reconstructed Initial Condition Improves the Subsequent Forecast
Improvement at fixed time t=7

RMSE Reference BICE Improveme
nt

SSH [m] 0.097 0.002 0.067 0.003 31.40%
SST [°C] 0.881 0.012 0.848 0.014 4.27%
SSS [psu] | 0.288 0.009 0.256 0.006 9.69%
SSU [m/s] | 0.181 0.003 0.078 0.001 56.32%
SSV [m/s] | 0.196 0.001 0.075 0.001 61.56%

Table 5: Forecast RMSE comparaison for all variable with standard
deviation
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A2a. Observation

Observation quality RMSE SSH SST SSS SSU SSV P- C-
score cost/
run
Ideal BICE (ref) absolut | 0.067 0.848 0.256 0.078m 0.075m/
e m °C psu /S S
gain 30.38 4.38% 10.18% 56.30% 61.41% 0.04 5
o, hours
Fully observed only SSH gain 37.59 -3.03% 1.76% 12.39% 14.30% | 0.04 4
% hours
10 % of ocean for all gain | -2.84% - -12.16% 0.55% 7.5% 0.03 4
Variables Taple 6: Forecast RMS‘_EI_q_a.irlvA_th different observation configuration hOurS
%
Noised I.C. gain 28.69 4.03% 8.08% 51.30% 57.34% 0.03 4
% hours
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A3b. Assimilation Window

Assimilation

SSH SST SSS SSU SSV

P-score  C-cost/

length run
7-day (ref) 30.38% 4.38% 10.18% 56.30% 61.41% 0.04 5 hours

3-day 10.34% 2.94% 4.33% 9.11% 10.64% 0.03 2 hours

1-day 2.28% 0.86% 0.92% 2.04% 2.33% 0.02 1 hour

ole Mines-TéIécom

Table 7: Forecast RMSE gain with different assimilation-window
length
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A3c. Loss Function

Spatial gradient mismatch

balancing contribution of the different variables on

SSH SST SSS SSU SSV P- C-cost/
score run
(ref) 30.38 4.38% 10.18 56.30 061.41 0.04 5 hours
% % % %
+ 29.09 4.43% 8.09% 51.90 58.04 0.04 5 hours
% 9% %
Table 8: Forecast RMSE gain with different loss function formulation
6/7.77 54.87 46.14 52.89 55.63 0.06 5 hours
% % % % %
mﬁq’ - =plmbisey < g l\)ng%ﬁﬁmk OceanPredict CP-TT/DA-TT 2026/10/27
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A3. Are The Gradients Physically Meaningful?

Optimization Converges, but the Reconstructed I.C. Contains Grid-Scale

Artefacts

Although the optimization converged,
we observed local artifacts

loss/J_obs/total
tag: loss/J_obs/total

Image 12: optimization curve with pixelized case

'u’ e

= Co-funded by the
IMT Atlantique European Union
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_| rms 3.82e-03

OceanPredict CP-TT/DA-TT

Image 13: Pixelized IC correction of SST(upper) SSS(bottom) on
equatorial zone
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A3. Are The Gradients Physically Meaningful?

Gradient Smoothing Filter with Multi-Resolution As a Solution Against
Pixelization

Average Pool

—_—

Filter - 2 x 2)
Stride - (2, 2) 4.25

4.25

F = average pooling - upsampling

24

Multi-resolution concept while optimizatic ®

16

12
8
4

0

0 100 200 300 400 500

Image 14: Smoothing filter and multi-resolution
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A2. Pixelization score

P_socre = checkerboard coefficient

For ocean window, apply checkerboard kernel k

Compute mean of over total energy of the window
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A4: Surrogate fwd+bwd cost w.r.t. Window Length

glonet surface rollout: cost vs. steps

(H200 NVL, checkpointed/production config) Peak memory vs. steps (fwd+bwd)
—8— forward only Oiib
304 —# forward + backward
65.0
25 1 __ 625
[
=
3 20 2 60.01
: :
= E 57.51
= 15 2
L]
2 5
~ 55,01
o
10 A &
52.5
5 -
50.0
0 T T T T T T T 47.5 T T T T T T T
1 2 3 4 5 6 7 1 2 3 4 5 6 7
Rollout steps (autoregressive days) Rollout steps (autoregressive days)

37s % 550 steps =5.5 hours
forward =9.3s,

backward =22.8s,
fwd+bwd =32.1s,

peak mem =67GB

Image 15: GLONET computation cost by forecast rollout step

r P MERCATOR
Lﬁm - il 5 g OCEAN OceanPredict CP-TT/DA-TT 2026/10/27

Bretagne-Pays de la Loire
- INTERNATIONAL

Ecole Mines-Télécom




A5: Noise Added on I.C.

White noise
Std: 10% of standard deviation of the signal anomaly

_______|SSHIml T[] __|Slpsul |U[m/s] |VIm/s]

0.08 1.73 0.53 0.148 0.136

Scale 0.008 0.17 0.053 0.0148 0.0136
factor 0.1

Table 9: Added noise standard
deviation.
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