N

HAL

open science

State-dependent Preconditioning for Data Assimilation
Victor Trappler, Arthur Vidard

» To cite this version:

Victor Trappler, Arthur Vidard. State-dependent Preconditioning for Data Assimilation. 2023 -
54th International Liége Colloquium on Ocean Dynamics: Machine Learning and Data Analysis in
Oceanography, May 2023, Liege, Belgium. , pp.1-1. hal-04087646

HAL Id: hal-04087646
https://hal.science/hal-04087646
Submitted on 3 May 2023

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution 4.0 International License


https://hal.science/hal-04087646
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr

State-dependent
Preconditioning for Data

=\VID&=N Assimilation

Victor Trappler = Arthur Vidard *

LAIRSEA Research team - INRIA — Laboratoire Jean Kuntzmann
Al4Sim R&D team - EVIDEN (ex Bull/Atos)

Variational Data Assimilation ML framework
- n. Get analysed state . .
r € R™: state / Objective
= M : R" — R"™ time propagator o , , ,
. = Construct a preconditioner x — Hy using DNN, which require no call to A, when
= H . R" — R™: observation operator . com(?aé? ) % e

"y € R™: observations = No access to A ! during the training

= G composes the forward model and the observation operator, to compare with the

. . Limited Memory Preconditioners [4]/Balancing Preconditioners
available observation

g:XCR" — X — R™ Let 5,5 € R §'= A,S
r — M(z) — (H o M)(x) = G(x) b Hinp(S, S = (I, — S(STS) 'S8T (1, — S'(ST5)~'8T) + §(STs) 18T (8)
= The cost function to optimize in order to get the analysis is We define the preconditioner as
Jip(z) = %Hg(f) — yllhr + %Hﬂ? — 2|5 (2) Hy : x — Hyvp(So(z), Ap(z)Sy(z)) (9)
and and H, ' available in a similar way
T = ar%érgin Jip(2) (3) Loss function, Estimation of Frobenius norm

If we constrain the norm of | Hy|| (e.g. by choosing Sy as eigenvectors)
Incremental 4DVar "minimize|| A, — H, '(z)||g” (10)

Outer and Inner loops: Minimization as a sequence of Linear Systems Sample n, random z; ~ N(0, I,,), and an estimation of the loss at a state z; is

2 _ —1 2
= Linearize J around z (Linear Inverse Problem): L0, ;) = n_zz |Azz; — Hy ()25 + regul(6) (11)
1 1 J=1
Jiner(2,02) = §HG$5$ +(G(x) —y) [ + 5\’51' + 2 — 2|5 (4) Possibility of online training:

X

* In a DA system, when A, is available, evaluate A, z;

= The optimal increment solves .
= Less storage required

(GIR'G,+ B Y ézx=-G.R'd, — B (z — 2" (5)
N——ee/ — ——
A, by

where A, Gauss-Newton Matrix <= Inverse posterior covariance Matrix Numerical Results
A, =GLR'G, + B! € R symmetric and spd (6)

—> Guess: x7

Lorenz96 system, n dimension, state is "spatially” distributed and periodic = CNN

Compute linearization G 1=t - ’
mm 10 . mm10 ¢ :
Compute departures dgg mm s " mms ) |
Outer o . 20 20, :
Solve iteratively A, o0x = by Inner
Qfg G .flfg -+ 533 K T
= £ Mp
£ £
' + 1L ul—-
In the Inner Loop " ,
* ]
= A, is spd, so Conjugate Gradient can be used o W © @ & W B 2 5 D B

cond niter

= Convergence rate depends on the spectrum of A,
» Condition number: oa/omim = ||A||||A7Y]
= Clustering of eigenvalues at 1
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State Dependent Preconditioner
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Preconditioning

Instead of solving A, 0x = b, solve HA ,0x = Hb instead

1078 o

10-2 10-¢

= [ symmetric, positive definite, cheap to compute and to apply D e w1 ow = w .35 0 o s 1 1._;  -
= H should be close to A
1 < k(HA,) < k(A,)

But "one-fits-all” preconditioner do not exist, most include information on spectrum of Conclusion and further work

A,

= We propose to use DNN in order to build a preconditioner for inverting the
State-dependent preconditioner Gauss-Newton matrix, which is state-dependent (or parametrized spd matrices in

' |
We propose to construct a mapping general)

r+— H(x) (/)

where H(x) is a preconditioner well-suited for the linear system A,0x = b,

N—"

= Use of different metric/regularization for the training of the DNN (Forstner distance...
= Directly looking for a low-rank / spectral decomposition of A, might be of interest
= Use this information for dimension reduction (with Bayesian inverse problem point of

Challenges view) [2]

= H(x) € R"™"is spd (ie n(n + 1)/2 "free” parameters)

= A, is not stored explicitly (only accessible as TL(z, z) = A,z) and high-dimensional References
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