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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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Challenges in Al & Ocean Modeling/Forecasting

How to reconstruct processes ? Using multi-source From surface to

| observations ? interior ?
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Observations y Gap-free states x

How to simulate/forecast?

Beyond geophysical
sample ? processes ?

Tomorrow




Related methodological challenges

Dealing with chaos First principles Dealing with extremes

Mass: Lortnuity Equation

Momentum: Equation of
Newton’s Second Law

Energy: First Law of
Thermodynamics

Identification of
partially-observed systems
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What'’s (deep) learning (for a computer) ?

Deep neural network fé’

Input data Targeted output

L P et el I ) )
y.7 ) Corveloticn » 2L
.-:if:?,/ Nwilde 1% . »
i Sy ot o W1
x . ,'4:/ —,’7‘_1 ‘;\" | |:> .
) A — [
'- j_l _[ <4895 L Lw UKD

Mathematical formulation:

Learning comes to minimising some loss function given w.r.t. model parameters and training data

0 = arg Hbinﬁ ({.L,,, yi}ie{1,,,,N}; fa)

Neural networks as composition of differentiable elementary functions

fo(z) = fox ©...0 fg, 0 fo, ()



Key reasons for the emergence of DL
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High-performance computing (GPU) Large annotated dataset (> 1M)
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Efficient & easy-to-use frameworks .
End-to-end learning




“State-of-the-art” DL schemes applied to physics-related
problems
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Ocean carbon cycle: where deep ocean particles come
from ? [Picard et al., In Prep]
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End-to-end learning from backward trajectory simulations
[Picard et al., In Prep]
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“State-of-the-art” DL schemes applied to physics-related
problems
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https://www.youtube.com/watch?v=n3r6dXsRo9k

How to embed physics-driven priors in DL models ?

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

Can we learn a forecasting model from
data ?

Can we exploit prior knowledge on the
observed system ?

d_ils’_' o (y(t) — x(t))
ly(t
%}_) =z(t) (p — 2(t)) — y(t)

l

~

'

) _ 2ty () — B2(t)

Lorenz-63 equations

~~
—_—
~ .




How to embed physics-driven priors in DL models ?

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

dz(l) o (y(t) — (b)) Associated Euler integration scheme for the ODE

—a - oW -l

(lrj(i/) . ‘ th(t) — F9 (X(t))

S =) (p— =(t)) —y(t)

"fl"\,’ L = a(t)ylt) - Ba(1) L X({t+0)=X({t)+6 Fp(X(1))

Lorenz-63 equations

ﬂN architecture for differential operatox / NN architecture for integration scheme \

——

Xi

o

FC

\.

FC

IFC

y

]Fe (X)) Xt

Bilinear architecture J

X(t)+9d-Fp(X(1))

\ ResNet architecture (Residual Network) J




How to embed physics-driven priors in DL models ?

An illustration through L63 dynamics: numerical experiments

Identification of the governing
equation from data

7~

Forecasting experiments

Noise-free training data

Forecasting time step t,th  t;+4h  t,+8h
Analog forecasting <106 0.002 0.005
Sparse regression <106 0.002 0.006
MLP <106 0.018 0.044
Bi-NN(4) <10¢ <106 <10°6
Noisy training data (c=0.5)

Forecasting time step t,th  t,+4h  t,+8h
Analog forecasting <10-6 2.01 2.2
Bi-NN(4) <106 0.054 0.14

Fablet et al., 2018

N

( Stability of the learned RK schemes 1

Integ(hA)

Ouala et al., 2020




Why end-to-end physics-informed learninga

,: SN > . -x' L g -' f l;
,,"A."" 200, - '
', ’ j - W af
a/5107
‘ 70

-

-

How to simulate/forecast?

Gro7a0/ 7/ 7244 wHO000707070077770707070701700(

; /}' - - 7 7007070700
- DIOTO7 7 7 70 070 7777070707770707007

(s 7070700007070 7007 7 7 7
| _ O70700777 787 7 DO 7D clrero70707¢
WP 700 70 7 70 7 O/ CL a7 CIOP 70700777 707070727070

"

D

T Ve e



A posteriori learning for subgrid-scale parameterisation
[Frezat et al., 2022]

Example: quasi-geostrophic turbulence Reduced equations

(1) e Applying projection T(y) = ¥.

e Additional term must be modeled:

Ow + J(W,w) = vV — pw + F

3~: R \ (9[1;‘—}—](1,_,(;') -
2 vWV25 — po + F P (9, @) — J(,w)

Vorticity field in quasi-geostrophic DNS. Grid sizes on domain length L.



Learning paradigms for subgrid-scale parameterisation

A priori learning [eg, Maulik et al., 2019; Zanna and Bolton, 2020]

min Z HR (Wg, Vi) — M (wk, Ek) H2 No evaluation of the impact of the SGS term onto the
M simulated states

/ 4 May lead to stable or unstable simulations

Empirical subgrid-scale
term from a DNS dataset

D —

14

: b N
] DNS (target)
§ S — -




Learning paradigms for subgrid-scale parameterisation

A posteriori (end-to-end) learning [Frezat at al. 2022]

F

®

Neural ODE solver

M

-1 -11
i 5 .
;' NN (baseline) * b Physical (baseline) *
Y R
3 2 1 U a <l 3 3 2 b § 0 | 2 3

More details: https://arxiv.org/abs/2204.03911




Key messages

* NN-based parameterisation and ||

calibration of subgrid-scale model . .

. 1 ; ' DNS (targe t) * ’ This \sork 4

- End-to-end learning to account for a |} e o
posteriori learning metrics |

- Requirement for a differentiable version
of the forward model

o | e ¢ g
14 | 14
i -
;. NN (baseline) b Phyvsical (baseline) *
i 0 | £ 3

- J 19 =
3 4 1 | - 4 3 3 :

- How to address SGS model for ODGCM
(Nemo, Croco,...)?

Paper (doi): https://arxiv.org/abs/2204.03911
Code: coming soon 22




Key messages

* NN-based parameterisation and
calibration of subgrid-scale model

[I(&

—_—
- >~ e b
- e o
ey ®

- End-to-end learning to account for a
posteriori learning metrics

- Requirement for a differentiable version
of the forward model

- How to address SGS model for ODGCM
(Nemo, Croco,...)?

Minasmagriag Mrywe Mot
B

Paper (doi): https://arxiv.org/abs/2204.03911
Code: coming soon 23
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Data assimilation in geoscience [Evensen, 2000]

— () [ '
[T — .
o) c c :
8 S Sol
X b [ & © 29 = O LW LS
' VEAYZ A S ®© (7)) (S i) O E "
\ AL ) E o 8 2 7] E . >
A - T o
— __/ ___
Partial observations y True states x

Each component designed using model-driven principles and
mostly independently.... But limited 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

Can we exploit prior knowledge ?

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




4DVarNet: Learning 4DVar models and solvers

!

Trainable Variational DA formulation " Tralnable solver
2D = 28 = 34 [V, Up (2, y)|

/ \

Automatic differentiation

= argmin |ly — H(z)|* + X[z — ®(z)||’
T _—

p\

Trainable or pre-

| : " | | Trainable or pre- End-to-end architecture
. defined observation } defined prior ’
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https://arxiv.org/abs/2006.03653
https://github.com/CIA-Oceanix/DinAE_4DVarNN_torch

4DVarNet: Learning 4DVar models and solvers

Trainable Variational DA formulation Tralnable solver
2D = 28 = 34 [V, Up (2, y)|

/ \

Automatic differentiation

!

= argmin |ly — H(z)|* + X[z — ®(z)||’
T _—

p\

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/DinAE_4DVarNN_torch

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

\, ‘

T =argminl|y — H(x)|]? + Az — ®(2)||? § = [ oo | y :

U X RU ® ""” ) AL ..t'-"' P - - ‘ -, &
S 3 Ry | §
£ e 95 SIS AN -¢- A s~ " l' Rotid 3l Usit [FU) Forarctratsd shve T ‘,
m 4 il ‘:. 4 Dbswrvation data g, £ 5.) a LSTM o BUN “oll O(L
E 3 [ : with & — =1 _ gtk )

Trainable variational model ' ' ]
|
' ' R NN modal e Autamaic V.t (29, 5.50) ;‘

. Trainable gradient-based solver N by | ] o

Multimodal DA % # Learning where to sample ?
g ‘ ~ o omw Y' That S5 CE) e B Radvdra
3 E R E l "
o - r N \
%— Che mack ADVarNateSST 55T features _.1 — o
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Reconstruction of satellite-derived sea surface dynamics

Satellite altimetry Sea surface suspended sediments

. R —_ Metric Dataset Unit Samp.Strat Ol DinEOF | 4DVarNet
_ - ' : OSSE log,,[/1.]/m : 0176 0167 0.104
"R Y RMSE  MODIS logoe/l)fm  Random 0304 0.237 0.156
RN RV MODIS  log, o [g/L)m Patch 0.346  0.253 0.168
| OSSE % . 904 913 96,6
R-score MODIS Random 60.5 6.4 39.5

%
MODIS % Patch S6.5 73R 873

Real data

Simulation and real data

- Learning from real gappy
''''' et . sovabrees
s raded ae o 192 5 vk waidl_hsas s gy s data only
F:’:’::“M td Lo L U AS L JUNeInN) X2 _OV e
:"::‘d:"" css 0.2 12 no “f,"“': vil_hywustipyrds
:_".' 1002 ¢ e 0 118 g Wlexle ;al_meatiyrd
- vy Collab. IMT Atl./SHOM/
v:d - 2 raany ooe 00 TP 1] m"".h Pl _0dwaret §yeb LG O

https://github.com/ocean-data-challenges/
2020a_SSH_mapping_NATL60

Mean gradient norm



https://www.youtube.com/watch?v=fKIlVmeq9dk
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4DVarNet: Dealing with uncertainties [Lafon et al., in prep]
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4DVarNet: Dealing with uncertainties [Lafon et al., in prep]

Application to the monitoring of the Danube river

« 15 stations over 31 with observations

* Reconstruction of the river flow at unobserved stations

Figure: 31 gaug nz statiors on the Danube river network (4saci at o,
2015), with 50 years of dailly measurements | 1960-2010)

Figure: Hidden observation (blue dots), estimated mean (red curve) and
95% confidence interval



Take-home messages

* NNs as numerical schemes/solvers for ODE/PDE/energy-based
representations of geophysical flows

* End-to-end learning of governing equations and/or unknown
terms in governing equations (e.g., closures)

* Deep learning as a lego game breaking a given problem into a
set of connected trainable differentiable components




Earth System Models / Digital Twins / Al

D

.
~—

<
& (e

Q@a®
R

Observations Data assimilation Physics-based Po.st-pro.cess:mg,
forecast dissemination

Hybrid vs. native Al core engines ?

{ -\]
'ﬁ__‘/J

Canass' sl 2018
L 4

From model-centric systems to process-centric/problem-centric ones ?

36



So what for climate/ocean science?

Free your mind from unnecessary
computation-related constraints ....

stick to relevant targeted
concepts and questions

And think end-to-end
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