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Data from submesoscale permitting simulation

MITgcm-lIc4320 (horizontal resolution 1/48° ~2km)
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Data from submesoscale permitting simulation

MITgcm-1lc4320 13 Sep, 2011
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Data from submesoscale permitting simulation

MITgcm-1lc4320

* 1/48° ~2km horizontal resolution
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« Compute subgrid vertical buoyancy fluxes
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Data from submesoscale permitting simulation

MITgcm-1lc4320
* Inputs (1/4° resolution): Fox-Kemper et al 2008
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Data from submesoscale permitting simulation

MITgem-l1c4320 Fox-Kemper et al 2008
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Offline Training Results

Example of Fully Convolutional Neural Network

~8000 samples: 90% train, 10% test



Offline Training Results

« Example of Fully Convolutional Neural Network

« ~8000 samples: 90% train, 10% test
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Offline Training Results

« Example of Fully Convolutional Neural Network
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Offline Training Results

Example of Fully Convolutional Neural Network
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wb? LLC4320 le-8 wb? CNN prediction le-8

— . 2 2
il ‘ -__- ’
"!1 1 . B
"
0
' -2 -2
wb? FK11 param wb? Bodner23 param

1

l"r_ ~ i 2 --q =~ J-':
‘ "'-\_:' 0 - -~ N --. 0

e I 4 .
<= W =0

-
- 5 - = B,



Offline Training Results

« Example of Fully Convolutional Neural Network
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Offline Training Results

« Example of Fully Convolutional Neural Network

« ~8000 samples: 90% train, 10% test
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« Example of Fully Convolutional Neural Network

« ~8000 samples: 90% train, 10% test
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Offline Training Results
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Summary and future work
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 Data-driven approach for parameterizing vertical Vb ¢
submesoscale buoyancy fluxes given by the ultra-high
resolution MITgcm-I1c4230
 All parameterizations resemble in large-scale statistics: o
Bodner 2023 rescaling improves predicted fluxes
compared with Fox-Kemper 2011
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data-- including negative fluxes
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