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Tools are integrated into systems

Earth System Models  
(IPCC)

Combining models of each components  
of the climate system 



Tools are integrated into systems

Operational prediction systems 
(Copernicus)

St
at

e

Combining models and observations 
to produce forecasts

(Kurzrock, 2019)
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  AI-based ocean forecasting  

GLORYS 

Trained from ocean reanalyses Short term forecast skill Wang et al. (2024)

https://arxiv.org/abs/2402.02995 

https://arxiv.org/abs/2402.02995


  AI-based ocean forecasting  

GLORYS 

Trained from ocean reanalyses Short term forecast skill El Aouni  et al. (2024)

https://arxiv.org/abs/2412.05454 

https://arxiv.org/abs/2412.05454


AI-native hybrid models   

Kochkov et al. (2024)

https://doi.org/10.1038/s41586-024-07744-y 
https://github.com/google-research/dinosaur 
https://github.com/google-research/neuralgcm 

https://doi.org/10.1038/s41586-024-07744-y
https://github.com/google-research/neuralgcm
https://github.com/google-research/dinosaur
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Augmenting ocean models with ML components

The model is augmented with a trainable component

+

Input

Output

θ : parameters

step n

step n+1

θ : parameters

trained to minimise : 

with

ℒ(θ) = training objective
ℳ : model

- improving physical consistency 

- correcting model errors (vs obs.) 

- accelerating execution (x10-100) 

NB : does not have to be deterministic



Partee et al. 2022

https://doi.org/10.1016/j.jocs.2022.101707 


- missing terms from resolved quantities 

- closures for turbulent processes


- leveraging hi-res/process model data  

- encoded as closed forms or ML models  

-  a very active field (5-10 papers / months) 

oceanic macro-scale turbulence

ML for ocean models subgrid physics (1/2)

https://doi.org/10.1016/j.jocs.2022.101707


See for instance :  
M2LInES consortium  

https://m2lines.github.io

ML for ocean models subgrid physics (1/2)

Sane et al. 2023 

https://doi.org/10.1029/2023MS003890  

oceanic micro-scale turbulence

- missing terms from resolved quantities 

- closures for turbulent processes


- leveraging hi-res/process model data  

- encoded as closed forms or ML models  

-  a very active field (5-10 papers / months) 

https://m2lines.github.io
https://doi.org/10.1029/2023MS003890


∂t x + ℒ x + 𝒩( x) = 0
Dynamical system

∂t y + G(y) + = 0

∂t x̃ + ℒ x̃ + 𝒩( x̃) = 𝒩( x̃) − 𝒩̃(x)

Resolved equations
x̃

∂t x + G(x) = 0

?

ℳ( x̃) ≃ 𝒩( x̃) − 𝒩̃(x)

Subgrid closure

Learning the mapping

x̃(t) → ℳ( x̃(t))ℳNN(y)

    Yan et al. (2024)  
Online strategies
baroclinic turbulence

compared to baseline


w/ more metrics

Frezat et al. (2022)  
End-to-end training
online vs offline training


w/ same architecture

barotropic QG  

Frezat et al. (2024)  
Gradient-free training

training model emulator

for approx. gradient 

wrt NN parameters 


 

θ : parameters

Performance, stability 
Generalisation, interpretability

ML for ocean models subgrid physics (2/2)



- estimating state-dependent bias corrections 
(Leith, 1978; Saha, 1992; DelSole and Hou, 1999) 

- state-dependent biais corrections provide a 
representation of model errors 

Palmer & Weisheimer (2011)

unbiased model
Model Biais Avg. Increment

Gregory et al. (2023)

biased model - w/ unbiased observations, analysis increments 
compensate for model biais

Learning model error from observations (1/2)



- NN for learning state-dependant biais 
corrections from analysis increments

Offline

Bonavita and Laloyaux, 2020; Watt-Meyer et al., 
2021; Chen et al., 2022; Gregory et al. 2023; 

Chapman and Berner 2023
https://doi.org/10.1029/2023MS003757 https://doi.org/10.1029/2022MS003309 

- w/ applications in GCMs (atmosphere 
and ocean/sea-ice)  

- showing success in improving the 
modeled climate state & forecast skill

State Errors

Ocean/sea-ice reanalyses (inc. obs) are 
used for estimating model errors 

Learning model error from observations (2/2)

https://doi.org/10.1029/2023MS003757


Bridging bias correction and parameterizatons 
Parameterising unresolved physics Learning correction from observations

In combination with 
uncertainty quantification 
and parameter calibration

Tools for better 
understanding the missing 

physics in our models  




