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1 Main remarks

This manuscript could have made a very nice paper. As explained by Zheqi Shen, acting as first reviewer,
it would nonetheless require a more refined and careful writing and more thorough experiments. However,
in my opinion, the main problem comes from the fact that the arguably nice idea which consists in using
data assimilation (DA) and machine learning (ML) to iteratively improve a dynamical model, has already
been put forward, extensively explored and even mathematically justified in the literature over the past
six years, in a stream of papers. In that regard, the manuscript misses almost all of the literature on
the topic. It turns out that this idea has been proposed by colleagues of mine and myself, so that I
can provide a brief summary of what has been investigated on the topic. However, at Riken Center
for Computational Science, you may have the computational resources to further test the concept on
challenging high-dimensional geofluid models. Here is my own take on the subject’s developments:

e To the best of my knowledge, the idea of combining DA and ML, from an accessible standpoint
by the DA community, has been introduced in Hsieh and Tang (1998) and further discussed by
Abarbanel et al. (2018) and then Bocquet et al. (2019). In the last two references, the general
approach and its related key cost function is mathematically justified by a Bayesian derivation.

e The numerical solution of the combined DA and ML problem — a far from trivial heterogeneous
optimisation problem — was explored in Bocquet et al. (2019). This approach was shown to be a
viable way to assimilate partial and noisy observations in order to estimate ML dynamical models.
In this specific paper the neural network parameters and the state control variables are solved for
altogether without splitting the DA and ML steps iteratively. It was extensively tested on the
Lorenz 1963, the Kuramoto-Sivashinsky, and the two-scale Lorenz models.

e In Brajard et al. (2020), that you misquoted with a preprint reference, the iterative scheme to
solve the same loss function is first proposed and tested on the Lorenz 1996 model. In Bocquet
et al. (2020), the whole theory is justified and shown to be equivalent to a coordinate descent
minimisation of the Bayesian cost function mentioned above. It is extensively discussed and the
expectation-maximisation statistical technique is further combined to the method to estimate the
residual model error. Both are highly cited papers.

e The case where one starts the iterations with an imperfect physical model has then been extensively
discussed in Brajard et al. (2021); Farchi et al. (2021b). This has been tested on the two-scale Lorenz
model, the MAOOAM climate low-order model, and the ECMWF quasi-geostrophic model.

e This stream of ideas and papers has been summarised and further discussed in a perspective paper
(Bocquet, 2023).

e These ideas were finally generalised from offline to potentially online training, and applied by
Farchi et al. (2021a, 2023) to increasingly complex models, and it was shown how they could be
integrated in the operational data assimilation IFS-based workflow at the ECMWF. Finally it was
successfully tested in a pre-operational IFS configuration in Farchi et al. (2025). This corresponds
to implementing the iterative loop at order 3/2, in the terminology introduced by Bocquet (2023).



In the field of sea-ice modelling, Gregory et al. (2024) also recently provided a nice example of the
iterative scheme.

2 Suggestions and typos:

1. 1.43-47: As mentioned above, the reference is just a preprint; the corresponding published paper is
Brajard et al. (2020). How to improve an already existing imperfect model is investigated in, e.g.,
Brajard et al. (2021); Farchi et al. (2021D).

2. 1.62: “Lorenz 63 Systems” — “Lorenz 63 models”

3. 1.63: “two version” — “two versions”

4. 1.65: “which come” — “which comes”

5.179:0...5 — 0...4.

6. In order to help the readers of scientific papers, it is highly recommended to number the equations.

7. Equation at 1.90: In classical data assimilation, and quite often in the geoscientific literature, vectors
and matrices are bold, which is not the case here. This also applies to the subsequent equations,
with further inconsistencies in the notation.

8. 1.106 and 1.110: “The Background/Observation Term” — ‘The background/observation term”.
9. The introduction to 3D-Var might be a little too plain for a DA paper.

10. 1.144: ”of the system” — ”of the model”.

11. 1.158: ”In contrast,” — "By contrast,”.

12. 1.239-244: Most of the leads that you proposed in this section of the conclusion have actually been
explored (and more) in the papers that I mentioned above.
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