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Machine learning for data assimilation: literature overview through the lens of
methods Machine learning emulators within data assimilation

Machine learning emulators within data assimilation (1/2)

▶Using machine learning emulators (dyn. and obs.) into classical data assimilation cycle
Hatfield et al. 2021; Chattopadhyay et al. 2022; Li et al. 2024; Slivinski et al. 2025; Durand et al. 2025; Li et al. 2025; Tian et al.
2026; Kotsuki et al. 2025
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Machine learning for data assimilation: literature overview through the lens of
methods Machine learning emulators within data assimilation

Machine learning emulators within data assimilation (2/2)

▶ Learning dynamics through Bayesian data assimilation
Hsieh et al. 1998; Abarbanel et al. 2018; Bocquet et al. 2019; Brajard et al. 2020; Bocquet et al. 2020; Brajard et al. 2021; Farchi
et al. 2021b; G. Revach et al. 2022.
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▶ Learning model error within hybrid models through data assimilation
Brajard et al. 2021; Farchi et al. 2021b; Farchi et al. 2021a; Legler et al. 2022; Farchi et al. 2023; Farchi et al. 2025.
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Machine learning for data assimilation: literature overview through the lens of
methods Machine learning-aided data assimilation

Machine learning-assisted data assimilation (1/2)

▶For uncertainty quantification
Grooms 2021; L. M. Yang et al. 2021; Sacco et al. 2022; Sacco et al. 2024; Lu 2025; Bocquet et al. 2026.

0 5 10 15 20 25 30 35 40
0

5

10

15

20

25

30

35

40

Nx = 40

-1.00 -0.50 0.00 0.50 1.00

▶For physical balances, tuning hybrid data assimilation systems
Ruckstuhl et al. 2021; Dong et al. 2023.
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Machine learning for data assimilation: literature overview through the lens of
methods Machine learning-aided data assimilation

Machine learning-assisted data assimilation (2/2)

▶ Learning the (static) gain of the (ensemble) Kalman filter
H. Hoang et al. 1994; S. Hoang et al. 1998; Luk et al. 2024.

▶Tuning (hyper-)parameters through auto-differentiable (ensemble) Kalman filters
Haarnoja et al. 2016; Y. Chen et al. 2022; Luk et al. 2024; Shlezinger et al. 2024.

▶Signal processing literature: Kalman filter/low dimensional oriented – still very impressive!
Coskun et al. 2017; Shlezinger et al. 2023; Garcia Satorras et al. 2019; Klushyn et al. 2021; Pratik et al. 2021; Gedon et al. 2021;
Shlezinger et al. 2022; Guy Revach et al. 2022; Cheng et al. 2023b; Choi et al. 2023; A. et al. 2024; Buchnik et al. 2024; Imbiriba
et al. 2024; Ghosh et al. 2024

M. Bocquet 5th ECMWF-ESA Machine Learning Workshop. Bologna, Italy, 13-17 April 2026 9 / 30



Machine learning for data assimilation: literature overview through the lens of
methods Machine learning-induced latent space data assimilation

Outline

1 Machine learning for data assimilation: literature overview through the lens of methods
Machine learning emulators within data assimilation
Machine learning-aided data assimilation
Machine learning-induced latent space data assimilation
Generative AI for data assimilation
Holistic machine learning for data assimilation

2 Learning data assimilation from artificial intelligence
Sequential data assimilation for chaotic dynamics
Learning data assimilation from AI
DAN learns to infer the error covariances
DAN learns non-Gaussian priors

3 Conclusions

M. Bocquet 5th ECMWF-ESA Machine Learning Workshop. Bologna, Italy, 13-17 April 2026 10 / 30



Machine learning for data assimilation: literature overview through the lens of
methods Machine learning-induced latent space data assimilation

Machine learning-induced latent space data assimilation (1/2)

▶Better representation of (possibly non-Gaussian) error background statistics
Mack et al. 2020; Melinc et al. 2024; Xiao et al. 2025

▶Better handling heterogeneity of observations/states and multimodality
Cheng et al. 2022; Cheng et al. 2023a; Cheng et al. 2024; Behnoudfar et al. 2026
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Machine learning for data assimilation: literature overview through the lens of
methods Machine learning-induced latent space data assimilation

Machine learning-induced latent space data assimilation (2/2)

▶Enforcing linearity/Gaussianity within the latent space
Tarumi et al. 2025; Y. Yang et al. 2025; C. Chen et al. 2025; Pasmans et al. 2026

▶Ensemble latent data assimilation
Haarnoja et al. 2016; Becker et al. 2019; Peyron et al. 2021; Penny et al. 2022; Tarumi et al. 2025; Pasmans et al. 2026
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Machine learning for data assimilation: literature overview through the lens of
methods Generative AI for data assimilation

Generative AI for data assimilation (1/2)

▶For building ensemble priors, from 3D-Var, EnOI, . . .
Grooms 2021; L. M. Yang et al. 2021; Finn et al. 2024.

▶ . . . to 4DEnVar, . . .
Rozet et al. 2023; Rozet et al. 2024.
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Machine learning for data assimilation: literature overview through the lens of
methods Generative AI for data assimilation

Generative AI for data assimilation (2/2)

▶For an incremental score-based analysis (SDA)
Chung et al. 2023; Rozet et al. 2023; Rozet et al. 2024; Manshausen et al. 2025; Martin et al. 2025.

▶As a replacement for the analysis
Chung et al. 2023; Huang et al. 2024; Qu et al. 2024; Hodyss et al. 2026.
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Machine learning for data assimilation: literature overview through the lens of
methods Holistic machine learning for data assimilation

Holistic machine learning for data assimilation (1/4)

▶Supervised learning of the analysis from data assimilation runs
R. S. Cintra et al. 2012; F. P. Härter et al. 2008; T. P. Härter et al. 2012; R. Cintra et al. 2016; R. S. Cintra et al. 2018; Maddy
et al. 2024; Xu et al. 2025
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Machine learning for data assimilation: literature overview through the lens of
methods Holistic machine learning for data assimilation

Holistic machine learning for data assimilation (2/4)

▶ Learning variational solver
Fablet et al. 2021; Frerix et al. 2021; Lafon et al. 2023; Filoche et al. 2023; Keller et al. 2024
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Machine learning for data assimilation: literature overview through the lens of
methods Holistic machine learning for data assimilation

Holistic machine learning for data assimilation (3/4)

▶ Learning sequential data assimilation through the cycles
McCabe et al. 2021; Boudier et al. 2023; Bocquet et al. 2024; Ghosh et al. 2024; Bocquet et al. 2026
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Machine learning for data assimilation: literature overview through the lens of
methods Holistic machine learning for data assimilation

Holistic machine learning for data assimilation (4/4)

▶End-to-end numerical weather prediction
McNally et al. 2024; Vaughan et al. 2024; Sun et al. 2025; Alexe et al. 2024; Allen et al. 2025; Lean et al. 2025
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Learning data assimilation from artificial intelligence Sequential data assimilation for chaotic dynamics

Sequential data assimilation for chaotic dynamics: primer

▶Here, data assimilation (DA) methods are formulated from

xk+1 = M(xk), (1a)
yk = Hk(xk) + εk, εk ∼ N(0, Rk), (1b)

where M is the autonomous evolution model, xk is the state vector at time τk, yk is the
observation vector, Hk is the observation operator, εk is the observation error, assumed to be
additive, unbiased, white in time, and Gaussian of covariance matrix Rk.

▶DA for geofluids has to be sequential in time because (i) observations need to be assimilated as
they arrive to update the state estimation, (ii) applied to chaotic dynamics, typical errors have an
exponential growth.
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Learning data assimilation from artificial intelligence Sequential data assimilation for chaotic dynamics

Low-order chaotic dynamics – Lorenz 96 model
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▶ It represents a mid-latitude zonal circle of the global atmosphere.
▶Set of Nx = 40 ordinary differential equations [Lorenz et al. 1998]:

dxn

dt
= (xn+1 − xn−2)xn−1 − xn + F , (2)

where F = 8, and the boundary is cyclic.
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Learning data assimilation from artificial intelligence Sequential data assimilation for chaotic dynamics

The edge of ensemble filtering methods

▶The variational methods (3D–Var, 4D–Var): can handle nonlinearity of the operators,
asynchronous observations, but cannot handle the errors of the day.

▶The ensemble filtering methods (EnKFs): can only handle weak nonlinearity of the operators,
cannot handle asynchronous observations, can handle the errors of the day through the ensemble.

▶Testing the EnKF (Ne = 20), 4D–Var, and IEnKS (Ne = 20) variants with the chaotic
40–variable Lorenz 96 model [Bocquet et al. 2013; Asch et al. 2016]:
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▶ In mild nonlinear regime, the EnKF significantly outperforms the (basic) 4D–Var
with moderately large DA windows because it captures the errors of the day .
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Learning data assimilation from artificial intelligence Learning data assimilation from AI

Learning data assimilation from AI

▶Data Assimilation Network principle (DAN): replace the analysis with a neural network [McCabe

et al. 2021; Boudier et al. 2023; Bocquet et al. 2024; Bocquet et al. 2026].

▶ [Implementing the idea] Let us assume that M is known, that the Jacobian of Hk is Hk, and
that we wish to learn an incremental analysis operator aθ , typically a neural network parametrised
by θ.

▶ If Ea
k, Ef

k ∈ RNx×Ne are the analysis and forecast ensemble matrices at time τk, aθ is defined
via the (ensemble) update:

Ea
k = Ef

k + aθ

(
Ef

k, H⊺
kR−1

k
δk

)
, (3a)

where δk, the innovation at time τk, is defined by

δk
∆= yk − Hk

(
x̄f

k

)
, x̄f

k

∆=
1

Ne

Ne∑
i=1

xf,i
k

. (3b)

▶The DA forecast step propagates the analysis ensemble, member-wise:

Ef
k+1 = M

(
Ea

k

)
. (4)

▶The loss function is defined by

L(θ) =
Nr∑

r=1

Nc∑
k=1

∥∥xt,r
k

− x̄a,r
k

(θ)
∥∥2

, x̄a,r
k

∆=
1

Ne

Ne∑
i=1

xa,i,r
k

. (5)
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Learning data assimilation from artificial intelligence DAN learns to infer the error covariances

DAN learns the uncertainty of its own estimate

▶Key observation: The performance of aθ barely depends on the ensemble size Ne, and yet as
good as that of the EnKF1.
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▶Conclusion: aθ essentially implicitly learns the error covariance matrix associated to the
analysis!

1[Bocquet et al. 2024]
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Learning data assimilation from artificial intelligence DAN learns to infer the error covariances

Cautiously learning the error covariances

▶The time-averaged eigenspectra of Pa
DAN and Pa

EnKF:
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▶They are remarkably close to each other for the first 10 modes. Beyond these modes the aθ

operator is likely to selectively apply some multiplicative inflation, as one would expect from such
stable DA runs.
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Learning data assimilation from artificial intelligence DAN learns to infer the error covariances

Locality and scalability

▶DAN scales perfectly when Nx ↗ ∞ and does not need to be retrained: it must learn a fixed
number of local patterns to diagnose the covariances2.

▶These local patterns can be pictured via the diagnosed marginal Kalman gain3.
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2[Bocquet et al. 2024]
3[Bocquet et al. 2026]
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Learning data assimilation from artificial intelligence DAN learns non-Gaussian priors

Data assimilation networks in stronger nonlinear conditions

▶Testing DANs as the update time-step ∆t is increased , with the L96 model4.

▶Comparison with well tuned EnKF , IEnKF , and well-tuned static background DA methods.
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▶Conclusion: aθ implicitly learns a non-Gaussian prior associated to the analysis!

4[Bocquet et al. 2026]
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Conclusions

Conclusions

▶A significantly growing literature on machine learning and data assimilation.
−→ More mature (e.g., latent space), and still jumbled (e.g., generative AI).

▶Many promising proofs of concepts over the past couple of years.
−→ Now seems to be the time to thoroughly assess them.

▶AI can also be leveraged as a discovery tool to learn new algorithms.
−→ Can also shed light on our classical data assimilation schemes.
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