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Key points:

1. Neural networks - within the existing energetics based physics framework to
improve vertical diffusivity in the OSBL.

2. Networks implemented in MOMS6.

3. JRA forced simulations performed: Bias reduction in shallow mixed layer depth
and upper ocean stratification.
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4. Equation Discovery: Successes, challenges, results.
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Vertical mixing
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Vertical mixing
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Neural network approach: k=g(o) -h-v

Training data: General Ocean Turbulence Model (1-D turbulence model),
Second moment closure schemes, inexpensive, K is in output.



Neural network approach: k=g9g(0)-h-v

Training data: General Ocean Turbulence Model (1-D turbulence model),
Second moment closure schemes, inexpensive, K is in output.

Coriolis parameter f f
Surface friction velocity 1 u*
Surface buoyancy flux bn Base of bn
Boundary layer depth h boundary

layer




Neural network approach: k=g()-h-v

Training data: General Ocean Turbulence Model (1-D turbulence model),
Second moment closure schemes, inexpensive, K is in output.

Coriolis parameter f f
Surface friction velocity 1 u* 4
Surface buoyancy flux bn Base of bn
Boundary layer depth h boundary
layer

K obtained from above is substituted in the ePBL mixing scheme (Reichl & Hallberg, 2018)
Showed reduction of some biases in OMIP experiments (Sane et al. 2023, JAMES)



Equation Discovery: (shape function) k=g(o)-h-v
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Equation Discovery: (shape function) k=g(o)-h-v
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Equation Discovery: (shape function)
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Equation Discovery: (velocity)
using Genetic Programming
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Equation Discovery: (velocity)
using Genetic Programming
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Single Column model results
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JRA forced results (MOMS6, % ° grid, OM4): summer MLD (work in progress)

Summer Mixed Layer Depth Biases, 2003-2017 averaged

(a) ePBL - ARGO, RMSE=7.22 (m) (b) ePBL_NN - ARGO, RMSE=5.42 (m)

(c) ePBL_EQ _DISC - ARGO, RMSE=6.28 (m)
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JRA forced results (MOMS6, % ° grid, OMA4): Pacific Equator vertical transect

Longitude

aT/az (°C/m) at Equator, 2003-2017 averaged
g (a) ePBL (control) 3 (b) ePBL_NN (k —¢€)
| iy 02695 0.2695
50 0.2237 50 0.2237
< 0.1779 0.1779
= 100 0.1321 100 0.1321
=] 0.0863 0.0863
3 1501 0.0405 150 0.0405
0.0010 0.0010
2081 | 0.0000 2991 0.0000 Sane et al.
250 ; —0.0010 350 —0.0010 JAMES
200 -150 -100 -200 -150 -100 5023
Longitude Longitude
0 (c) ARGO 0 (d) ePBL_NN (GLS)
= 0.2695 0.2695
__ 50 0.2237 50 0.2237
= 0.1779 0.1779
= 100 0.1321 | 100 0.1321
=] 0.0863 0.0863
3 150 0.0405 | 150 0.0405
0.0010 0.0010
200 - 00000 |2007 0.0000
250 -0.0010 | 59 —-0.0010
-200 -150 -100 -200 -150 100
Longitude Longitude
. (e) Eg-Disc
— : iy 02695
50 0.2237
0.1779
100 0.1321
0.0863
150 0.0405
0.0010
200 0.0000 .
, -0.0010 k
250 -200 -150 -100 (Wor IN progress)



Concluding remarks:

1. Neural networks - trained and implemented in MOM®6

2. NN trained on Second Moment Closure schemes end up reducing
some biases in OMIP experiments.

Symbolic regression (Genetic Programming) can be challenging.
4. With approximate equations that replace NNs, some bias

reduction was observed.
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