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Mesoscale parameterizaion
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Data-driven mesoscale parameterization
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\ Offline skill of data-driven closures
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MOM6 ocean model.

Double Gyre.
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Time-averaged SSH
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Time-averaged SSH
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\ Ongoing research: NewerWorld2 configuration
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<> Challenges

* Implementation: ol
* CNN: Fortran-Python barried o =
* A posteriori tuning:

° C N N: Ve I'TIC Ol p rofl | e | m'I‘HMﬁm\u
* Symbolic regression: additional filters

« Computational cost:
* CNN: requires GPU for affordable runtime

* Symbolic regression: Additional filters increase
runtime



<> Conclusions

- Two data-driven mesosca
implemented and evalud!

e parameterizations are
'ed In MOMé6 ocean model

* [N some cases they simular

resolved eddies)

‘e backscattering (and improve

* Both models improve the mean flow (mean SSH)
* Improvement in more realistic configuration (NW2) is more

evident by eye

* Papers:
« CNN: Z/hang2023 submitted

« Symbolic regression: Perezhogin2023 in prep.



