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Abstract

Vertical mixing parameterizations in ocean models are formulated on the basis of
the physical principles that govern turbulent mixing. However, many parameterizations
include ad hoc components that are not well constrained by theory or data. One such
component is the eddy diffusivity model, where vertical turbulent fluxes of a quantity
are parameterized from a variable eddy diffusion coefficient and the mean vertical gra-
dient of the quantity. In this work, we improve a parameterization of vertical mixing in
the ocean surface boundary layer by enhancing its eddy diffusivity model using data-driven
methods, specifically neural networks. The neural networks are designed to take extrin-
sic and intrinsic forcing parameters as input to predict the eddy diffusivity profile and
are trained using output data from a second moment closure turbulent mixing scheme.
The modified vertical mixing scheme predicts the eddy diffusivity profile through online
inference of neural networks and maintains the conservation principles of the standard
ocean model equations, which is particularly important for its targeted use in climate
simulations. We describe the development and stable implementation of neural networks
in an ocean general circulation model and demonstrate that the enhanced scheme out-
performs its predecessor by reducing biases in the mixed-layer depth and upper ocean
stratification. Our results demonstrate the potential for data-driven physics-aware pa-
rameterizations to improve global climate models.

Plain Language Summary

The upper region of the ocean is highly energetic and is responsible for transfer-
ring mass, energy and biogeochemical traces between the atmosphere and the deeper re-
gions of the ocean. This transport takes place because of turbulent swirling motions, which
are found to be of varying sizes. Climate models cannot represent all of these motions
because smaller-scale swirls are complex and require additional computational resources.
As we cannot neglect those small swirls, we try to approximate their effects on larger-
scale motions using mathematical models. These models have a few ad hoc or empiri-
cal assumptions that lead to uncertainty when these climate models are used to project
the future climate. To reduce this uncertainty, we augment an existing model of turbu-
lent swirling process with machine learning, which replaces some ad hoc approximations
with data-driven neural networks. Neural networks can learn those missing processes more
accurately than a traditional physics-based model. The neural networks are shown to
improve physics in climate simulations. Although we only touch on one component in
an ocean climate model, this approach can be replicated to improve any other compo-
nent that was using ad hoc assumptions and replace them with data-driven models us-
ing techniques from machine learning.

1 Introduction

Vertical mixing parameterizations used in ocean general circulation models (OGCMs)
represent the effects of unresolved processes on the mean state. These parameterizations
have theoretical deficiencies due to the lack of understanding of inadequately represented
or missing processes. To overcome this deficiency, parameterizations often require ad hoc/empirical
modifications either to approximate the missing processes or to fit data. Vertical mix-
ing schemes can be constructed with various assumptions and different schemes are cal-
ibrated differently. These inconsistencies cause the schemes to disagree among themselves
(Li et al., 2019) and are a major source of model uncertainty (Hawkins & Sutton, 2009;
Huber & Zanna, 2017; Fox-Kemper et al., 2019; Todd et al., 2020; Gutjahr et al., 2021).
Poorly parameterized mixing can result in errors that accumulate over time, leading to
biases in the OGCM.
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New approaches are emerging to improve various parameterizations in ocean and
atmosphere models using machine learning. We have applied neural networks to improve
a vertical mixing parameterization of the ocean surface boundary layer (OSBL), which
is a vital region of turbulence in the ocean. As it acts as an interface between the atmo-
sphere and the deeper ocean, it is important to accurately represent mixing in the OSBL.
The atmosphere energizes the ocean through the OSBL. Mass, tracers, and momentum
are transferred between the atmosphere and deep ocean via the OSBL, and inaccura-
cies in vertical mixing parameterizations can give rise to uncertain estimates of heat trans-
port, sea level rise, ocean carbon uptake, etc. Including missing processes in upper ocean
vertical mixing schemes impact large-scale phenomena, for example, accounting for Lang-
muir turbulence and submesoscale effects in the OSBL improves simulations of the In-
dian monsoon (Orenstein et al., 2022).

1.1 Modeling vertical diffusivity within Ocean Surface Boundary Layer
(OSBL) parameterizations and the assumption of a ‘universal’ shape
function

We focus on the energetic Planetary Boundary Layer (ePBL) scheme, a first-order
OSBL turbulent mixing parameterization as described in Reichl & Hallberg (2018) (see
also Section 2). The variation of the vertical diffusivity profile κϕ (of arbitrary scalar,
ϕ) within the OSBL in ePBL and similar first order schemes can be expressed as a dif-
fusivity scale (κ̂ϕ) multiplied by a prescribed normalized diffusivity profile (i.e. shape
function):

κϕ (σ) = κ̂ϕg (σ) , (1)

where κ̂ϕ is often decomposed into a velocity and length scale (Large et al., 1994), g(σ)
is a dimensionless shape-function, and σ = d/h is a dimensionless vertical coordinate,
where d = −z is the depth and h is the depth of the boundary layer. OSBL parame-
terizations that follow this approach traditionally assume that g(σ) is a universal func-
tion, such as a cubic polynomial (O’Brien, 1970; Large et al., 1994), and therefore does
not vary. However, there is no physics-based justification for a universal profile to ex-
ist, and it is widely understood that characteristics of boundary layers can vary consid-
erably with forcing conditions (Li et al., 2019). We hypothesize that capturing variations
of the shape function that are not considered in first-order OSBL schemes such as ePBL
will improve the overall representation of vertical mixing in ocean models.

1.2 Second Moment Closure and an alternative to the ‘universal’ shape
function

Second Moment Closure (SMC) is an alternative approach to predict vertical dif-
fusivity profiles within the OSBL (Rodi, 1987; Umlauf & Burchard, 2005). SMC does
not require a shape function because it instead predicts the diffusivity from the turbu-
lent kinetic energy (k) and the turbulent length scale (lt). Various SMC approaches ex-
ist to predict k and lt and a general formulation to infer diffusivity is expressed as:

κϕ (z) = cϕ k
1/2(z) lt(z), (2)

where cϕ represents the model stability functions (Umlauf & Burchard, 2005).

SMC predicts a profile of vertical diffusivity based on models of physical processes
that drive turbulence and turbulent fluxes within the OSBL. SMC does not prescribe
a shape function a priori. However, since SMC directly evaluates a diffusivity profile,
the implied shape function and diffusivity scale can be diagnosed from the output. The
implied shape function differs significantly from a universal shape function, as seen in
Figure 1. The diagnosed shape-function and diffusivity scale from SMC can then be used
to build a model for its representation for use in ePBL. We selected SMC over large eddy
simulation as our ”truth” because it is inexpensive compared to the latter, leading to
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Figure 1. Shape functions derived from various forcing conditions from a second moment

closure (blue, shaded region) plotted against a universal shape function (brown, dashed line) used

in GCM vertical mixing schemes. The observed discrepancy between them reveals a limitation in

existing vertical mixing schemes. However, this deficiency can be effectively addressed through

the application of neural networks, which have the potential to predict the shape function and

diffusivity associated with second moment closures.

effortlessly creation of training dataset spanning a wide range of forcing regimes. This
is particularly important for machine learning applications that are data-hungry tech-
niques.

A natural question is why SMC is not directly used instead of ePBL in OGCM. It
remains impractical to directly use SMC for vertical mixing in climate simulation due
to the sensitivity of their predictions to long time steps and coarse vertical grids often
used in climate models (see Reichl & Hallberg, 2018). However, using the framework de-
scribed in this article, ePBL can yield a closer approximation to the vertical diffusivity
from the SMC scheme without sensitivity to the model’s vertical resolution and time step.
Our neural network approach allows ePBL to consider the physics-based variation in the
shape function seen in SMC due to solving k and lt. This variability in the shape func-
tion will lead to different profiles of vertical mixing within ePBL than using a prescribed
universal profile.

1.3 Machine learning is an emerging tool to improve OGCMs

Consider a physics-based parameterization that gives an output Ψ as some func-
tional relationship F between physical quantities x:

Ψ = F(x). (3)

Finding F is an optimization problem. It can be set as an optimal linear fit to some com-
bination of x, but the fit might not work for different regimes or might implicitly depend
on higher-order combinations of terms in x (nonlinearity) or some other neglected terms.
F can be assumed to be a function of non-dimensional parameters requiring onerous fit-
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ting. With machine learning, F can be a function of multiple combinations of param-
eters:

F(x) = Nw(x), (4)

where N is a machine-learning function, x = (x1, x2, ...) is the input vector and w are
parameters (weights and biases). Machine learning involves determining (learning) the
correct values of w by tuning the hyperparameters that give the optimal N (Brenner
et al., 2019), which is becoming routine due to recent advances in training algorithms.
The machine learning approach provides an avenue to include as many relevant param-
eters as desired in the vector x, which has been a significant challenge in traditional physics-
based approaches.

Machine learning is favorable for the development and application of climate mod-
els due to the abundance in the availability of optimization algorithms and hardware (Bal-
aji et al., 2022; Christensen & Zanna, 2022). Studies show that neural networks can be
used in idealized model configurations, and recently, the use of machine learning has emerged
in realistic GCMs. Artificial neural networks have been shown to improve sub-grid mo-
mentum transport in atmospheric models (Yuval & O’Gorman, 2021), predict precip-
itation (Shamekh et al., 2022), while in ocean models they have been used to improve
the parameterization of free convection (Ramadhan et al., 2023). Liang et al. (2022) ap-
plied deep neural networks to predict temperature and salinity evolution in the OSBL
at a weather station (Station Papa). Partee et al. (2022) trained a deep neural network
to learn subgrid kinetic energy of oceanic mesoscale eddies from a high resolution OGCM
to improve their representation in a lower resolution OGCM. Convolutional neural net-
works (CNNs) have been used to predict parameterizations of ocean momentum backscat-
ter in a variety of models (Bolton & Zanna, 2019; Zanna & Bolton, 2020; Guillaumin &
Zanna, 2021) and have been implemented in an ocean primitive equation model (Zhang
et al., 2023). Gregory et al. (2023) recently employed CNNs to learn data assimilation
increments for sea-ice and showed that networks could be used to reduce biases in sea-
ice.

Apart from neural networks, techniques considered part of the machine learning
toolbox show potential to improve GCMs. The random forest algorithm has been used
to parameterize moist convection (O’Gorman & Dwyer, 2018) and to learn small-scale
processes from a high resolution atmospheric model (Yuval & O’Gorman, 2020). Mans-
field & Sheshadri (2022) used Gaussian Process emulator to tune gravity wave param-
eterization in an intermediate complexity atmospheric GCM. Souza et al. (2020) use a
Bayesian technique to fine-tune the non-local flux terms of the KPP parameterization
of Large et al. (1994).

The aforementioned examples show the potential of enhancing conventional physics-
based schemes using machine learning techniques. This article draws inspiration from
these demonstrations, recognizing the promise of machine learning in advancing ocean
model parameterizations and prompting further investigation in this area.

1.4 Outline to use Neural Networks and output from SMC to improve
ePBL

Artificial neural networks (ANNs) are trained using output from SMC that directly
predicts the profile of vertical diffusivity and do not rely on ad hoc shape functions. As
neural networks are powerful approximators, they can model the variability in the ver-
tical diffusivity profiles of the SMC, but we formulate the ANNs to fit within the sim-
plified framework of the first-order ePBL approach. Our procedure has the following ad-
vantages:
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1. We use the neural networks to modify the vertical diffusion term within ePBL in-
stead of directly predicting turbulent flux time tendencies (e.g. temperature and
salinity), guaranteeing that the scheme conserves physical quantities.

2. The neural networks are introduced in a manner that does not interfere with the
potential energy-based mixing constraints of the original ePBL scheme, and there-
fore ePBL’s robust numerical implementation is preserved.

3. The ANNs predict quantities used to compute the diffusivity, including the non-
dimensional structure (shape function) and a turbulent velocity, which simplifies
training, implementation, and interpretability versus directly predicting the dif-
fusivities.

4. ANNs use bijective mapping, which ensures that they yield strictly positive val-
ues of the vertical diffusivity, an important consideration for numerical stability.

5. Our ANNs are as small as possible to balance accuracy and computational costs,
as they will be used in climate timescale OGCM simulations.

We structure the article as follows. Section 2 describes the ePBL scheme and briefly
addresses the calibration/tuning problem. Section 3 gives details of the network struc-
ture and describes the data used to train networks with estimates of uncertainty. Sec-
tion 4.1 provides details on implementing the enhanced ePBL scheme, hereafter called
ePBL NN. The new improvements in ePBL NN are demonstrated online using free-running
single-column model experiments (Section 4.2), and their impact on biases in an exist-
ing ocean-ice climate model is assessed in 4.3. We conclude with a summary and discus-
sion of the broader implications of this work for applying machine learning to improve
parameterizations in ocean climate models.

2 A Physics-Based Vertical Mixing Framework: The energetic Plan-
etary Boundary Layer (ePBL)

The ePBL framework, as described by Reichl & Hallberg (2018), is designed for
climate applications of OGCMs and emphasizes robust solutions to changes in model time
stepping and vertical resolution. The scheme is simple enough to implement efficiently
within implicit diffusion solvers often used in OGCMs while maintaining important phys-
ical constraints on ocean mixing. The ePBL scheme performs with high skill in ideal-
ized models and OGCMs (Reichl & Li, 2019; Li et al., 2019), and has been implemented
in NOAA - Geophysical Fluid Dynamics Laboratory’s MOM6-based climate models: OM4,
CM4, and ESM4 (Adcroft et al., 2019; Held et al., 2019; Dunne et al., 2020).

ePBL builds on the paradigm of bulk mixed layer models (Kraus & Turner, 1967;
Niiler, 1977), which constrain the boundary layer depth (h) via energetic implications
of vertical mixing. The scheme therefore constrains the mixing based on parameteriz-
ing the rate by which turbulent kinetic energy is converted to potential energy within
the OSBL:

integrated PE conversion︷ ︸︸ ︷∫ 0

−h

min
(
0, w′b′

)
dz = G


Coriolis︷︸︸︷

f ,

Wind︷︸︸︷
u∗ ,

Buoyancy︷︸︸︷
B0 ,

BLD︷︸︸︷
h ,

Convective PE release︷ ︸︸ ︷∫ 0

−h

max
(
0, w′b′

)
dz

 . (5)

Here, h is the (positive) depth of the boundary layer as defined in Reichl & Li (2019),
w′b′ is the vertical turbulent buoyancy flux, overbar represents an averaging procedure
(e.g., over ensembles), and G is a relation that depends on the Coriolis parameter f , sur-
face friction velocity u∗, surface buoyancy flux B0 = w′b′0, boundary layer depth h, and
integrated release of potential energy by convective buoyancy fluxes. Reichl & Hallberg
(2018) find G using simulations from single column models using SMC under a range of
forcing scenarios. Later, this function was enhanced to include Langmuir turbulence us-
ing LES (Reichl & Li, 2019).
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ePBL extends the bulk mixed layer formulation to resolve vertical structure within
the OSBL by applying a down-gradient flux profile using the vertical diffusivity given
by

w′ϕ′ = −κϕ
∂ϕ

∂z
, (6)

where κϕ is the variable diffusivity of a scalar ϕ. The diffusivity varies with depth and
is given in the following form:

κϕ (σ) = L (σ) v0 (σ) , (7)

where L and v0 are length and velocity scales. Both are expressed as functions of po-
sition σ within the boundary layer. The length scale in equation (7) is set as (following
O’Brien, 1970; Large et al., 1994):

L (σ) = (zo + |z|) (1− σ)
γ
. (8)

By assuming a fixed constant for γ, the expressions given by (7) and (8) may be expressed
in the same form as (1), which reveals the role of the shape function as g(σ) = σ(1 −
σ)γ . The specific choice for g(σ) is uncertain and γ should probably not be a fixed con-
stant, but should be a variable parameter within the ePBL scheme (Reichl & Hallberg,
2018). The velocity scale v (σ) uses a similar formulation motivated to generally agree
with the model k − ϵ (see Eqs. 43-45 in Reichl & Hallberg, 2018).

Although the integrated mixing in ePBL is constrained via the function G, the strat-
ification resulting from the mixing is sensitive to the assumptions for γ and v0 that set
the diffusivity profile within the boundary layer. Differences in the diffusivity profile mean
that even when the energetic constraints are accurate, inconsistent OSBL evolution and
stratification can emerge when comparing ePBL with SMC such as k− ϵ (see Figures
6, 7). In this article, we enhance the physics-based ePBL approach by improving these
velocity- and length-scale formulations with artificial neural networks (ANNs, see Sec-
tion 3).

3 Artificial Neural Networks and Training Procedures

Artificial Neural Networks (ANNs) are one of the most widely used forms of ma-
chine learning models. ANNs are universal approximators and can find hidden nonlin-
ear relations between quantities (Cybenko, 1989; Hornik et al., 1989; Hornik, 1991). In
this section, we describe the fundamentals of ANNs and provide details describing the
training procedures for the neural networks used to supplement ePBL’s eddy diffusiv-
ity model.

3.1 Fundamentals

ANNs consist of nodes arranged in layers. Nodes are elements of a vector x that
constitute a layer. See Figure 2 for a schematic. Each vector is connected to its adja-
cent vector via a transformation that involves multiplying with coefficients, called weights
w, and adding an offset, called biases b. After transforming the vector with weights and
biases, a nonlinear operation yields the next vector (or layer). The nonlinear operator
is an activation function A. For an input layer consisting of a vector x1, one hidden layer
x2 and an output layer y, ANN can be written as

x2 = A (w1x1 + b1) ,

y = (w2x2 + b2) .
(9)

Deeper networks are expanded versions of the above Equation set 9 and are obtained by
adding additional layers. ANNs can capture nonlinear relationships within certain tol-
erances and can interpolate with high accuracy within the range of training data. We
employ ANNs to learn the nonlinear relationship between chosen input parameters, de-
scribed below, and the vertical diffusivity profile predicted using SMC.
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3.2 Learning Diffusivity using two Neural networks N1 and N2

To train the ANN model to predict the diffusivity profile, we use the sigma coor-
dinate defined as σ = d/h. Therefore, for the surface σ = 0, and at h, σ = 1. We de-
fine the diffusivity in the sigma coordinate in terms of a velocity scale, v0, the bound-
ary layer depth, h, and the nondimensional shape function, g:

κϕ (σ) = g(σ) · h · v0, (10)

where g(σ) is defined to give values between [0,1]. To satisfy the turbulent diffusivity value
of 0 on the sea surface and at the bottom of the boundary layer, we set g(σ) = 0 at σ =
0, 1. The benefit of adopting the sigma coordinate is in removing the dependence on the
vertical coordinate (e.g., grid spacing in z) that varies in different ocean models. This
allows us to train and infer (feed-forward) without depending on the model’s vertical grid,
which makes it practical to implement in an ocean model with an adaptive vertical grid
(e.g. Bleck, 2002).

v0 in Equation (10) does not vary with σ. The entire vertical structure of κϕ is cap-
tured by g(σ) alone. This is in contrast to Equation 7 where both the length scale and
the velocity scale vary in vertical direction and contribute to the vertical structure of κϕ.
We made this choice to simplify the approach so that only one neural network is needed
to capture the vertical structure of κϕ.

We choose to define the shape function and velocity scale using two separate neu-
ral networks:

g(σ) = N1(f,B0, u∗, h),

v0 = N2(f,B0, u∗),
(11)

where N1 and N2 represent two distinct neural networks that are trained independently.
N1 requires inputs f,B0, u∗, and h, while N2 is found to depend on f, B0, and u∗. We
chose this strategy rather than combining the two outputs into one ANN for a couple
of reasons. First, it is straightforward to cleanly diagnose g(σ) and v0 from the data, as
will be explained in Sections 3.4 and 3.5. Second, we anticipate that having separate net-
works will make the individual networks easier to interpret, which allows us to better
understand physical processes modeled by the network.

Both neural networks N1,2 are trained using the Pytorch package (Paszke et al.,
2019). Rectified Linear Unit (ReLU) (Nair & Hinton, 2010) has been used as the acti-
vation function due to its simplicity and fast convergence in training.

3.3 Data for training

The SMC data used to train the networks is generated using the single column model
framework implemented in the General Ocean Turbulence Model (GOTM Umlauf & Bur-
chard, 2005; Umlauf et al., 2014). GOTM provides numerous SMC options to predict
the fluxes of turbulence and the vertical diffusivity. We employ a two-equation model:
k−ϵ, with stability function closure following Schumann & Gerz (1995). The choice of
this specific SMC parameterization is made to be consistent with Reichl & Hallberg (2018).
However, the neural networks we develop could be trained using output from any SMC
scheme, and sensitivity to different SMC parameterizations will be explored in future work.

The GOTM column model consists of a vertical grid with forcing applied at the
surface grid point. It is applicable for flows with horizontal homogeneity, i.e., horizon-
tal fluxes are zero or constant. GOTM simulations are performed by changing the fol-
lowing parameters: latitude (Coriolis), surface wind stress (surface friction velocity), and
surface heat flux (surface buoyancy flux). Salinity is kept constant and temperature is
the only active tracer, though the results are general for any combination of buoyancy
fields and forcing. Our initial analysis indicates that the diffusivity of k−ϵ, κkϵ, depends
on the Coriolis parameter f , the surface buoyancy flux B0, the surface friction velocity
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u∗ and the depth of the boundary layer, h. We can only specify f , B0, and u∗ in sin-
gle column simulations, and h is diagnosed from the time evolution simulated by GOTM.

Each GOTM case runs with a set of constant forcings. The time step is set at 60
s, and the vertical grid spacing is 1 m. The depth of the column is 800 m. The simula-
tion results for the k−ϵ model are converged at this time step and resolution (see RH18,
Figure 1). The initial conditions consist of zero horizontal velocity, the surface temper-
ature is set at 20 °C, and the initial temperature stratification is set at 0.005 °C/m. Each
case is simulated for 10 days, and analysis is limited to the final 8 days to allow for spin-
up of the model fields.

We found (f,B0, u∗, h) to strongly affect diffusivity compared to the background
stratification established by the initial conditions. Stratification acts as a barrier to the
deepening of the mixed layer, and therefore it is challenging to obtain deeper layers with
strong stratification at the bottom of the mixed layer, and this limits the generation of
training data spanning a wide range of h. Therefore, we choose a weak initial stratifi-
cation. The effects of stratification on diffusivity in k−ϵ most directly impact the rate
of deepening of the boundary layer (which is already captured by the energetic constraint
of the ePBL), compared to the shape function itself.

Table 1 shows the range of forcing parameters of the training data. Forcing range
is different for N1 and N2 because we found that the shape function does not vary sig-
nificantly outside the range stated in Table 1. Hence we do not train on data outside that
range, and the inputs to the network can be capped inside the mixing scheme in MOM6.
For example, if the wind stress is 1.3 N/m2, capping prevents the wind stress from go-
ing beyond 1.2 N/m2 as the shape function does not vary significantly beyond 1.2 N/m2.
A similar argument can be made about the surface heat flux. The range selected to per-
form the sweep has been informed using the observed forcings in the JRA atmospheric
reanalysis data set (Tsujino et al., 2018). The range shown in Table 1 covers most of the
forcing space certainty as explained in Appendix B. For h, maximum variations for g(σ)
were observed between 20 m and 300 m and beyond 300 m g(σ) is found to vary marginally.
Randomizing the training data and splitting them into two sets (train and validation)
could result in duplicate or very similar elements, leading to inaccuracies in validation.
To test, a different validation data set was generated that was ≈ 10% of the size of the
training data set. No single element between (f,B0, u∗) is common between the train-
ing data set and the validation data set to strictly ensure the independence between the
training and validation sets.

Table 1. Range of parameters used to generate training data

Inputs N1 N2

Surface Heat Flux -600 to 600 W/m2 -2000 to 2000 W/m2

Wind stress 0 to 1.2 N/m2 0 to 20 N/m2

Surface Friction velocity 0 to 0.034 0 to 0.034
Latitude -90o to 90o -90o to 90o

Boundary layer depth 20 m to 300 m -
Reference density 1027 kg/m3 1027 kg/m3

Specific heat capacity 3985 3985
Equation of state Linear Linear
Stratification at initial conditions 0.005 °K / m 0.005 °K / m
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3.4 Training N1

f,B0, u∗, and h are inputs to N1, while the output consists of a vector having val-
ues of g(σ) at 16 evenly distributed nodes, as shown in Figure 2. For each set of forc-
ing (i.e. latitude, heat flux, and surface stress), the GOTM output consists of the evo-
lution of the initial conditions into a developed boundary layer. The boundary layer deep-
ens and variations in κkϵ emerge. Ignoring the initial ≈ 2 days of data, h is diagnosed
for each model output with a frequency of 60 minutes by analyzing the profile of the ver-
tical buoyancy flux. Here, h is defined by the depth at which w′b′ reaches and stays close
to zero. This is the maximum extent to which the effect of surface forcing penetrates the
upper layer through turbulent buoyancy flux. The diffusivity profile, κkϵ(σ), is normal-
ized by its maximum to find the shape function:

g(σ) = κkϵ(σ)/max(κkϵ(σ)). (12)

The neural network cannot learn a continuous profile in σ, but instead we train it to learn
on a subsampled g(σ) grid that consists of 18 equally spaced σ points (0, 1/17, 2/17, ...16/17,
1). σ = 0 and 1 are ignored in training because g(σ) is zero at these locations. There-
fore, the network predicts g(σ) at the 16 interior locations. Subsampling g(σ) to 18 evenly
distributed points was found to be sufficient to capture essential features of g(σ) while
maintaining a small enough network to later implement in an OGCM.

3.4.1 Overcoming limitation in h using synthetic data

ANNs show high skill when input is within the range of training data. GOTM ex-
periments can cover a wide range of data points that span latitude, heat flux, and sur-
face wind stress, such as those historically observed in the real ocean. However, this is
not true for h. For high wind stress, the GOTM profile can naturally evolve to cover the
entire range of 20 to 300 m for h. This cannot be achieved using constant forcing and
our initial conditions in these experiments for all surface heating cases. The mixed layer
depth in the presence of stabilizing surface buoyancy fluxes saturates toward the Monin-
Obukhov length. Wind stress causes deepening by mixing, while surface heating com-
pensates by refratification. Therefore, it is difficult or impossible to reach the desired depth
of 300 m for training data in some cases.

We address this issue by supplementing the training with synthetic data. For a par-
ticular case, if h saturates to, for example, 200 m, then an additional 10 profiles are added
to cover the missing range of 200 m to 300 m in the training data. The shape function
for these synthetic profiles is assumed to be the same as when h = 200 m, that is, g(σ)
for h ∈ (200, 300) will have the same values as g(σ) for h = 200 m. This assumption
is reasonable, since g(σ) was found to vary little for deeper boundary layers with sur-
face heating.

Strong convection can cause a related issue due to quick deepening of the bound-
ary layer within the spin-up phase of the turbulent OSBL (which we neglect from train-
ing). This gap is filled in the same way as described for deep boundary layer gaps. If the
lowest value of h is, for example, 100 m, then ten profiles are added that cover 20 m to
100 m. The shape function for these ten profiles is assumed to be the same as that when
h = 100 m. This fill-up of gaps in h is necessary to stabilize ANNs trained with our ex-
isting datasets. Knowing the exact bounding box of the training data set is imperative
for a successful and stable implementation in a GCM.

3.4.2 Forcing N1 to be strictly positive

The network N1 consists of 4 input nodes, two hidden (deep) layers, and 16 out-
put nodes (sensitivity to network hyperparameters is described in the next subsection).
The four input nodes correspond to (f,B0, u∗, h). The output nodes predict the shape
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Figure 2. (a) Neural network N1. It requires four inputs (f,B0, u∗, h) and output layer con-

sists of 16 nodes giving values of g(σ) at those locations. (b) Neural network N2 requires three

inputs (f,B0, u∗) and output is a scalar velocity scale v. Diffusivity is obtained by using N1, 2:

κ(σ) = g(σ) · h · v0. here, h is boundary layer depth which is evaluated in the vertical mixing

parameterization of OSBL in OGCM through some physical arguments.

function as described above. The output of N1, g(σ), is a vector of length 16. If g(σ) pre-
dicts a negative value of the shape function for any σ, it would lead to negative diffu-
sivity values. We prevent this by using bijective mapping: we train on the logarithm of
g(σ). N1 predicts log(g(σ)) and, while inferring, the exponential function is used. This
ensures that the shape function is strictly positive.

The four inputs to the network (f,B0, u∗, h) are normalized by their respective mean
and standard deviation of the training data. For the 16 output nodes, each output was
normalized by its own mean and standard deviation. For output node i, log(g(σi)) was
transformed into

log(g(σi)) →
log(g(σi))− log(g(σi))

⟨log(g(σi))⟩
(13)

before training. The overbar denotes the mean, and the angled brackets denote the stan-
dard deviation.

3.4.3 Network Skill and hyperparameter sweep

To train N1 two hyperparameters need to be tuned. The number of hidden layers
and the number of nodes in those layers. For simplicity, we chose the same number of
nodes in each deep layer. A sweep was performed to test the accuracy of different net-
works. We varied the number of hidden layers from 2 to 4 and the number of hidden nodes
in each layer from 2 to 512. Training data was randomized and provided as a single batch
to train networks.

To measure the network’s performance, linear correlation coefficient between the
validation data and its prediction was calculated (see Figure 3 (a)) . The linear corre-
lations for the 16 nodes were weight averaged with the mean value of g(σ) of the train-
ing data. The weight-averaged correlation is a better estimate of the network’s skill for
the given set of hidden nodes, as it reduces the influence of noisy values at the bottom
of the boundary layer. The noisy values might be due to interpolation of the shape func-
tion profiles from the GOTM data. Based on hyperparameter sweep, we chose two hid-
den layers with 32 hidden nodes for N1, for which average correlation ≈ 0.9, and it is
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reasonably close to more expensive networks. For a deeper and wider network than 32
nodes, the average correlation score does not vary significantly, but the cost of using the
network increases.

Figure 3 (b) shows the loss curves for training the network. Training loss (magenta)
and validation loss (green) decrease with the training epoch. The validation loss is higher
than the training loss, but both eventually plateau. The difference between validation
and training loss, shown in blue, remains constant in later epochs, signifying when train-
ing should be stopped. The validation loss does not increase, ensuring that the network
is not overfitting the training data. The performance of the network is further tested by
comparing it with the validation data. Strong agreement with validation data can be seen
through the average correlation scores in Figure 3(a) and the error statistics in column
(d) of Figure 4.

Figure 4 displays the performance of N1. The first column (a) shows the error statis-
tics between the validation data and the network’s prediction in the normalized space
for each output node. The boxes show the interquantile range, while the whiskers show
the 5th and 95th percentiles of the error. The second column (b) shows the same per-
centile range as in column (a) but in the physical space of g(σ). The medians are super-
posed over the mean g(σ) profile of the entire dataset. This helps to visualize the skill
of N1 with respect to each σ value. Nodes 11 and 12 have a high error variance compared
to other nodes. The error variances in column (a) are different from those in column (b)
because the data have different variances along the nodes. The last node 16 has a high
variance in (a) but because the g(σ) values at that node are small, poor performance at
that node does not penalize the overall performance of N1. Node 16 is in the transition
layer, which may have a large gradient of the tracer that might amplify the error in dif-
fusivity at node 16. However, implementing this version of the network in ePBL yields
an acceptable improvement in overall performance, suggesting that the error in node 16
is acceptable. Sensitivity in the transition layer will be investigated in more detail in fu-
ture work. Column (c) has histogram plots of the validation data and its prediction. The
network performs reasonably well and only shows inaccurate behavior when the data is
multimodal. Column (d) shows the error histogram. The error has the highest variance
at node 12, and is approximately Gaussian everywhere, which implies randomness.

For the neural network N1, Figure 4 shows the ability to predict the shape func-
tion offline. In general, the network shows high skill, as seen by the scores in Figure 3.
The network N1 shows some inaccuracies in predicting multimodal distributions for out-
put nodes 10-15. A single network predicts the value of the shape function at all the nodes,
and it could compensate for the accuracy at one node over the other. Increasing the size
of the network (i.e. number of layers and nodes in them) slightly reduces this error, but
the cost of computation increases rapidly rendering them unusable for longer time-scale
simulations.

N1 is trained in all of the forcing regimes: surface heating, neutral, and convec-
tion. Perhaps, this adds a limitation to the network, which falls short of having very high
skill for all the regimes. In our training experiments (not described in this article), train-
ing and predicting separately on the stable and unstable regimes gave higher skill than
training on all regimes at once. Having two networks to predict g(σ) alone could lead
to higher skill without increasing the number of hyperparameters. This might be a cost-
effective way to increase the overall accuracy of ePBL NN without expanding the size
of the network. Increasing the number of hidden nodes in the hidden layers increases the
cost of forward computation, while switching between the networks based on the forc-
ing regime has a similar cost to using a single network. For simplicity, in this work we
prefer to train all data using a single neural network and have not pursued this any fur-
ther.
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We used the L1 loss function (mean absolute error) for training, as it gave better
training performance than the L2 (root mean square error). We also increased the con-
vergence of the network parameters (weight and biases) by tweaking the loss function.
The loss values at nodes 8 to 13 were amplified by a factor of 100. This made the loss
gradients steeper at the nodes that show the highest variance (seen in columns 1 and 2).
This forces the network to put more weight on reducing errors on the nodes that are oth-
erwise difficult to learn. The ADAM optimization algorithm (Kingma & Ba, 2014) has
been used to train the weights and biases of the network with a learning rate of 10−3.

Figure 3. (a) Average linear correlation coefficient between network output and the true val-

ues from data. Averaging has been done over all the 16 nodes. Different color represent different

number of layers and x-axis shows the nodes in each hidden layer. (b) L1 loss curves for training

and validation.

3.5 Training N2

The second neural network N2 as shown in Figure 2 predicts the characteristic ve-
locity, v0. Velocity is diagnosed from the training data using the following jugaad :

v0 =

(
max(κkϵ(σ))

h

)
(14)

where the overbar denotes the average of all the values of v0 for a set (f,B0, u∗). The
spread of max(κkϵ(σ))/h for a constant (f,B0, u∗) is small, and averaging assists the neu-
ral network train in predicting the mean value (see Appendix A).

Similarly to N1, bijective mapping is used to ensure the positivity of predicted v0.
The data is divided into 80-20% to train and test the performance of the network. As
seen in Table 1, the training data cover a wide range compared to that of N1, includ-
ing extreme forcing conditions anticipated in a realistic OGCM. When the network sees
conditions outside this range, the input is capped at the nearest extremum data point.
This is to prevent the network from extrapolating, which is less skillful than interpola-
tion.
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Figure 4. Performance of N1 for all the 16 sigma points. (a) Difference between network

prediction and data. (b) Difference between network prediction and data but in the physical

space. Percentile ranges have been superimposed over the mean shape function from the training

dataset.(c) Probability density histogram between network prediction and data. (d) Histogram

of error defined by difference network prediction and data. For nodes 10, 11, and 12 networks

exhibits poor performance. This could be due to the strong multi-modal nature of data at those

locations.

4 Evaluating impacts in a prognostic OGCM

Training, testing, and validation data provide one method for testing the network
and its ability to reproduce training data. However, to fully test the network’s poten-
tial for OGCM experiments the neural networks must also be implemented in free-running,
prognostic models. Our implementation does not cause simulation to fail due to any spu-
rious effects or instabilities which is a known problem with implementing neural networks
in a GCM (see Brenowitz et al. (2020) and references therein). Stability might result be-
cause we implement neural networks as a component within the existing ePBL frame-
work. We demonstrate the success of our implementation using both free running col-
umn model experiments and forced ice-ocean global OGCM climate model experiments.

4.1 Implementation of neural networks in MOM6

We now describe the implementation of our networks in the MOM6 ocean model.
The weights and biases of the network are generated offline and stored in NetCDF files.
Feedforward (inference) calculation of the network involves matrix multiplications and
activation functions. These have been coded as subroutines in MOM6’s vertical mixing
module (ePBL). A flag activates the neural networks to predict g(σ) and v0. All inputs
to the network are readily available within the ePBL module. The neural networks re-
quire the depth of the boundary layer h, which is provided by the ePBL scheme as de-
scribed in Reichl & Hallberg (2018). The neural networks function alongside the algo-
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Figure 5. Performance of N2. (a) Loss curves. (b) Histogram of difference between network’s

prediction and data. (c) Predicted vs. true values for the training dataset. (d) Predicted vs. true

values for the validation dataset.

rithm by which ePBL derives h and therefore they do not interfere with any energy con-
straints set by the original scheme. g(σ) is obtained at 16 points between the surface and
h, and is converted to the model’s vertical grid by linear interpolation. The use of the
sigma coordinate makes our scheme grid independent of the vertical coordinate. The shape
function on the model grid is multiplied by v0 ·h according to Equation 10 to recover
the diffusivity profile of the k−ϵ model. Both networks N1 and N2 are shallow, as they
have two hidden layers with 32 nodes in each. OM4 model with ePBL NN requires ≈
5-10% more run than ePBL, an accurate cost analysis will be done in later versions. This
cost may not warrant a need for GPUs for speed-up of inference in this version of the
scheme, but this option will be explored in the future.

The inputs to the neural network are also capped inside the subroutine to ensure
the networks do not make predictions outside their training range. For N1, if any of the
inputs (f,B0, u∗, h) are outside the known range, then the subroutine limits the inputs
and changes them to the nearest point in the four-dimensional hypercube formed by the
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four inputs. Our training data covers a reasonable space of the forcing parameter regime
as observed among realistic present conditions (as it will be applied in this study). Data
points outside the range are less probable, allowing the network to perform effectively
for nearly all of the tested forcing conditions (Appendix B). Capping the inputs prevents
the network’s output from being unphysical. If the network is applied for simulations
in substantially different climate regimes (e.g., paleoclimate or for other planetary bod-
ies) the training data could be enhanced. If the network receives inputs outside the known
range, the shape function can have spurious values and be nonmonotonic piecewise. Cap-
ping the inputs ensures that this spurious behavior is prevented. The bijective mapping
described in the earlier sections prevents non-positive behavior for both N1 and N2

4.2 Single Column Model Results

We compare three schemes to examine the performance of the network in single
column model: GOTM k−ϵ (used to create the training data), ePBL (following RH18/RL19),
and ePBL NN. MOM6 in single column configuration (as in RH18) is used to run ePBL
and ePBL NN, while GOTM is used for the k−ϵ experiments. The column models are
forced at the surface grid interface with constant buoyancy forcing (surface heating of
50 W/m2) and constant wind surface stress (0.2 N/m2). Stratification is constant through-
out the column in the initial conditions. To have the same entrainment in all the three
cases, the m∗ value is diagnosed from the k−ϵ output and imposed in MOM6. The quan-
tity m∗ is the non-dimensional integral of the entrainment flux and is given by

∫ 0

−h
min(0, w′b′)dz =

m∗u∗3 for surface heating conditions. In Reichl & Hallberg (2018), m∗ has been param-
eterized using a function G as in Eq. 5. Instead of using the parameterized m∗ from RH18/RL19,
using a diagnosed and time varying m∗ from k−ϵ allows us to perform a controlled com-
parison with identical forcing conditions and prevents deficiencies in the parameterized
m∗ from causing any disagreements between MOM6 and GOTM. By matching the sur-
face forcing and integral of the entrainment flux, the differences between all the three
cases can only be due to diffusivities.

Two latitudes are compared: Latitude 40°(Figure 6) and 1°(Figure 7). The figures
show the time series of diffusivity and temperature stratification. For both latitudes, the
diffusivity and stratification in ePBL NN are in closer agreement with the k−ϵ model
than the original ePBL model, showing the ability of the neural networks to match k−
ϵ. ePBL NN has a diffusivity profile closer to k−ϵ than ePBL throughout the OSBL.
In k−ϵ (SG), the turbulent diffusivity is computed from the simulated TKE and tur-
bulent length scale, using stability functions that relate the Prandtl number to the Richard-
son number (Schumann & Gerz, 1995). The neural networks have “learned” those re-
lationships (without direct knowledge of either parameter) that set the structure of dif-
fusivity and hence show high skill in predicting the profile.

The upper ≈ 20% of the diffusivity profile is able to learn traditional constraints,
such as the law of the wall scaling, since they are features of the training data. The bot-
tom ≈ 40% of the OSBL shows more variability and is an important region for the en-
trainment process. In deepening of the boundary layer, the entrainment process mixes
the water masses from below the mixed layer and mixes the higher density water mass
from below (usually colder) with the lower density mixed layer above it (usually warmer).
Outside of the polar regions, this process cools the mixed layer along with the sea sur-
face temperature (and warms the interior) and has implications for ocean-atmosphere
energy exchange and feedbacks.

4.3 Ice-Ocean JRA Forced Model Results

We next tested the ePBL NN scheme using the GFDL’s OM4.0 ocean/sea ice model.
The model has a nominal 1/4 degree resolution and is forced using the JRA forcing prod-
uct (Tsujino et al., 2018). JRA forced simulations constrain the atmospheric fields that
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Figure 6. Time series comparison for single column model configuration. Latitude set to 40 °,
surface heat flux is 50 W/m2, and wind stress is 0.2 N/m2. The upper row compares diffusivity

and the bottom row compares stratification. In both the cases, ePBL NN agrees closely to the

second moment closure scheme k − ϵ as compared to ePBL.

Figure 7. Time series comparison for single column model configuration. Latitude set to 1°,
surface heat flux is 50 W/m2, and wind stress is 0.2 N/m2. The upper row compares diffusivity

and the bottom row compares stratification. In both the cases, ePBL NN agrees closely to the

second moment closure scheme k − ϵ as compared to ePBL.

force the ocean model with the observed/reanalysis atmospheric data. This is different
from the atmosphere-ocean coupled model as there is no feedback from the ocean response
to the atmosphere. However, this approach is beneficial for testing parameterizations since
two experiments can be more carefully compared without considering the complications
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of these feedbacks. Future work will examine the performance of these schemes in fully
coupled climate models.

Two sets of OGCM experiments have been performed: one using the ePBL scheme
as a control run (e.g., as described by Adcroft et al. (2019)) and the second with the neu-
ral networks active to replace the shape function and velocity scale in ePBL. The sim-
ulations were performed for a period of 1958 to 2017.

In this study, we compare the two runs with observations to analyze the impact
on: (1) Ocean heat uptake, (2) Sea surface temperature, (3) Mixed layer depth, and (4)
Upper ocean temperature stratification. For sea surface temperature, data from the World
Ocean Atlas (WOA) (Boyer et al., 2018; Locarnini et al., 2019) has been used to com-
pare the two schemes. For the subsurface comparison: mixed layer depth and stratifi-
cation, ARGO float measurements have been utilized (Argo, 2022).

4.3.1 Ocean Heat uptake and Sea Surface Temperature Comparison

Figure 8 shows the global mean ocean potential temperature for the two runs. ePBL NN
shows more mixing than the original scheme, which is inferred by the increase in the mean
potential temperature of the ocean.

Figure 8. Total ocean heat content compared between ePBL and ePBL NN for the duration

of 1993-2017. For ePBL, γ from Eq. 8 has been set to 1 and 3. For ePBL NN, the tunable pa-

rameter γ does not exist. Sensitivity of runs to γ can be noticed. ePBL NN replaces tunable γ

with a physics informed data-driven neural network.

Figure 9 show the SST bias averaged over the years 2003-2017 for each 1°grid point.
SST biases are similar in the two runs with minimal differences, which is expected since
the atmospheric fields are prescribed and not coupled. SST around the equatorial region
shows a colder bias for the ePBL NN run than for the ePBL. This is consistent with stronger
mixing and an increase in ocean heat uptake. Stronger mixing causes entrainment, lead-
ing to a reduction in the sea surface temperature as a result of the mixing of colder wa-
ter parcels from below the mixed layer. The increase in mixing leads to higher heat trans-
port and a marginally colder bias in SST.
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Figure 9. Sea surface temperature and biases. (a) SST from model runs using ePBL NN.

(b) SST difference between ePBL and ePBL NN. (c) SST bias between ePBL and observations

(Obs). (d) SST bias between ePBL NN and observations. Bias plots also show mean and stan-

dard deviation. Observations are from World Ocean Atlas dataset (Locarnini et al., 2019). SST

biases are similar for ePBL and ePBL NN. At the equatorial region, ePBL NN shows slightly

colder bias than ePBL.

4.3.2 Mixed Layer Depth Comparison

Summer and winter mixed layer depths (MLD) are compared, a metric usually used
to indicate the depth at which atmospheric influences are directly felt in the ocean. Here,
winter (summer) mixed layer depth is the maximum (minimum) of the monthly aver-
aged MLDs for each grid point over the period 2003-2017. The MLD depends on the def-
inition, and we evaluate it using two criteria: Reichl et al. (2022) and de Boyer Montégut
et al. (2004). The criterion from de Boyer Montégut et al. (2004) uses a threshhold po-
tential density of 0.03 kg/m3 whereas Reichl et al. (2022) uses a threshold potential en-
ergy anamoly of 25 J/m2 to define the MLD. Figures 10 and 11 show the MLD using
the potential energy anomaly criterion and the potential density respectively.

Figures 10, 11 show summer time MLD. The summer time MLD bias has reduced
significantly in ePBL NN as compared to ePBL. The ePBL NN scheme performs bet-
ter under stable surface heating conditions than the ePBL scheme. The shallow MLD
bias reduction has implications for equatorial oceanic regions and its effect on large-scale
ocean- atmosphere feedbacks (Adcroft et al., 2019). Winter MLD biases (Figures 12 and
13) are very similar for both runs. The ePBL NN predicts diffusivity close to a second
moment scheme but does not significantly impact the winter time bias simulated by the
model with the original ePBL scheme. This is likely because other model physics and
factors can dominate in setting the deep convective mixed layers and water properties.

Although ePBL NN has been trained on all the regimes including surface cooling,
a different scheme or process might be compensating the effects of improved diffusivity.
This could also be due to higher sensitivity of shallow mixed layers to changes in sur-
face forcing than deep mixed layers. For shallow mixed layer depth, any perturbations
in the atmospheric forcing will reach the base of the boundary layer quicker than it would
in deeper layers.
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The MLD evaluated using the criterion of de Boyer Montégut et al. (2004) shows
the same qualitative results as described above. The winter time MLD biases are sim-
ilar for both runs. The summer time MLD bias shows a further reduction when evalu-
ated using de Boyer Montégut et al. (2004) than with Reichl et al. (2022). It is not un-
usual to get different values of mixed layer depths using different definitions. For both
definitions, winter biases in ePBL NN are not worsened, and the qualitative agreement
of summer-time bias reduction in ePBL NN using two different criteria hints towards a
strong evidence of ePBL NN performing better than ePBL in terms of MLD bias reduc-
tion under fixed atmospheric forcing conditions.

Figure 10. Summer time (shallow) mixed layer depth biases using the Potential anomaly

criterion of Reichl et al. (2022). (a) MLD from ePBL, (b) Difference of MLD between ePBL and

ePBL NN. (c) Bias of ePBL with respect to ARGO data, (d) Bias of ePBL NN with respect to

ARGO data. We can notice the bias reduction from (c) to (d).
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Figure 11. Summer time (shallow) mixed layer depth biases using the density criterion of de

Boyer Montégut et al. (2004). (a) MLD from ePBL, (b) Difference of MLD between ePBL and

ePBL NN. (c) Bias of ePBL with respect to ARGO data, (d) Bias of ePBL NN with respect to

ARGO data. We can notice the bias reduction from (c) to (d) and is consistent with that ob-

served in Figure 10

Figure 12. Winter time (deep) mixed layer depth biases using the Potential anomaly cri-

terion of Reichl et al. (2022). (a) MLD from ePBL, (b) Difference of MLD between ePBL and

ePBL NN. (c) Bias of ePBL with respect to ARGO data, (d) Bias of ePBL NN with respect to

ARGO data. Biases are similar in (c) and (d) and ePBL NN does not significantly worsen any

biases.
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Figure 13. Winter time (deep) mixed layer depth biases using the density criterion of de

Boyer Montégut et al. (2004). (a) MLD from ePBL, (b) Difference of MLD between ePBL and

ePBL NN. (c) Bias of ePBL with respect to ARGO data, (d) Bias of ePBL NN with respect to

ARGO data. Biases are similar in (c) and (d) and ePBL NN does not significantly worsen any

biases. This observation is consistent with that observed in Figure 12
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4.3.3 Comparison of Upper Ocean Stratification

Figure 14. Temperature stratification at a transect along the equator in the Pacific ocean.

(a) ePBL output, control run. (b) ePBL NN output. (c) ARGO data (d) ePBL - ePBL NN. Note

that (b) is closer to (c) than (a). Upper ocean stratification has been improved due to the neural

networks.

The final comparison we use to assess the impact of the neural network eddy dif-
fusivities on the model result is the upper ocean temperature stratification (∂Θ/∂z, where
Θ is the potential temperature). The temperature stratification is shown for a vertical
cross section along the equator spanning -220 to -80 E. Figure 14 (c) shows the obser-
vational data from ARGO floats (Roemmich & Gilson, 2009). Figure 14 (b) is the ∂Θ/∂z
from the original ePBL and shows lower stratification as compared to ARGO observa-
tions. The ∂Θ/∂z from ePBL NN, as seen in Figure 14(a), shows significant improve-
ments in the stratification of the upper ≈ 50 m of the ocean. The Neural Network pre-
dicted diffusivities help to increase the stratitication and make it closer to observations
than the simulation with the original ePBL with the ad hoc diffusivity shape function.
Stratification in ePBL NN is closer to ARGO data in the equatorial region, and we also
observe increase in ocean heat uptake. Stratification acts as a barrier to mixing, this war-
rants further investigation into how ePBL NN changes transport pathways of heat through
the OSBL in different regions of the world’s oceans. SST bias is affected by ePBL NN
and is marginally colder than ePBL in tropical regions. This might be consistent with
increase in ocean heat uptake and needs more investigation.
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Overall, the MLD bias is reduced, and stratification has improved for the upper
≈ 50 m. suggesting that ePBL NN helps to fix these two biases in conjunction.

5 Concluding Remarks

5.1 Summary

In this study, we apply neural networks to improve the parameterization of the ver-
tical diffusivity profile in the upper ocean. The data used to train the neural networks
is obtained using second-moment closure simulations by running single-column model
under various forcing scenarios, spanning the possible range of present-day and future
conditions. The neural networks are implemented within the existing physics-based pa-
rameterization from the Energetic Planetary Boundary Layer (ePBL) framework of Re-
ichl & Hallberg (2018). The neural networks augment the method to determine the ver-
tical diffusivity in the ePBL scheme with data-driven relations but maintain the phys-
ically motivated energetics constraints on mixing from the original scheme. A benefit of
our approach is that it yields a stable implementation in the OGCM (MOM6). This en-
ables us to perform decade-scale simulations spanning 1958 to 2017 without requiring
any modification to our training approach.

Atmospherically forced Ice-Ocean experiments using the GFDL’s MOM6 1/4°model
suggest an overall improved performance due to the enhancements in ePBL NN relative
to the original scheme. There is a reduction in biases of summer-time mixed layer depths
and no exacerbation of the winter-time biases compared to ePBL. The stratification of
the upper ocean shows improvements compared to the ARGO float observations suggest-
ing improvements in the thermocline. Overall mixing increases in the ocean, as evident
from higher ocean heat uptake than in ePBL. The resulting scheme is suitable for im-
plementation in future OGCM configurations and experiments and is expected to reduce
biases in climate simulations.

The ePBL framework is already optimized for GCMs, providing larger time step-
ping capabilities ( ≈ O(1) hr) and ePBL NN leverages these advances with improved dif-
fusivity profiles. It is computationally expensive to run a second-moment scheme in a
GCM due to time-stepping restrictions ( ≈ O(10−100) s), but ePBL NN can yield eddy
diffusivity profiles more consistent with the SMC within the original ePBL framework.
This is significant for GCMs as we are achieving closer results to a model having a second-
order turbulence closure scheme, but able to maintain coarse resolutions and long time
steps needed for climate scale simulations.

While the results of this work are promising, numerous aspects remain important
for future work. For example:

1. ePBL, ePBL NN, and the SMC considered here assume downgradient diffusion
and hence have no nonlocal flux terms. The representation of nonlocal fluxes could
improve the scheme further and potentially affect convective regions and Lang-
muir turbulence (e.g. Chor et al., 2021). In this application we do not explicitly
consider the impact of Langmuir turbulence within ePBL (though it is part of set-
ting the energy available for entrainment, see RL19).

2. The neural networks can be made larger to capture more complex relationships
in the data by increasing the number of hyper-parameters (hidden nodes). In this
work we choose smaller networks for initial investigation. Increasing the network
size will be explored in the future and will likely require using graphical process-
ing units (GPUs) for implementation in OGCM (Zhang et al., 2023).

3. The performance of the modified vertical mixing scheme in a coupled model (atmosphere-
ocean-ice) may not show the same impact on model bias as observed in this forced
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ocean-ice model. The atmosphere-ocean feedbacks will require exploration in fu-
ture work.

4. Improving the representation of the diffusivity profile has implications for many
quantities that have gradients within the boundary layer. For example, changing
the diffusivity of nutrients within the euphotic layer has implications for biogeo-
chemical processes such as primary production. The implications of improved dif-
fusivity for ecological modeling will be explored in future work.

5. Finally, we have trained on one SMC, the k−ϵ model with stability functions fol-
lowing Schumann & Gerz (1995). This parameterization was chosen for consistency
with Reichl & Hallberg (2018), but alternative SMC models may yield different
results. In future work this process will be repeated with different SMC schemes
to understand the influence of SMC diffusivities on the performance of GCMs.

5.2 Applications for first order ocean surface boundary layer parame-
terizations

One key achievement of this work is that it establishes that a relationship exists
between the shape function of upper ocean vertical mixing and the forcing parameters.
Previous work in similar first-order upper ocean mixing parameterizations assumes that
the shape function is fixed, and considered universal. This work further suggests that
models that consider this variation in the shape function are more skillful at simulat-
ing upper ocean stratification and ocean mixed layers. The physics-informed function
developed in this work for determining the shape function from the forcing parameters
is applied here in ePBL as an example. However, the function is not specific to ePBL
and can also be used within other first order ocean surface boundary layer parameter-
izations (such as KPP, Large et al., 1994; Van Roekel et al., 2018).

It is also important to consider that the neural network based model used in this
work is not the only approach to find a relationship between the forcing terms and the
vertical mixing profile. The neural network is able to establish the existence of a rela-
tionship between its input and outputs, which is learned during the training process. While
the neural network can be applied in ocean models as-is to improve simulations, we also
desire in depth understanding of the patterns in the inputs that the network used to make
its skillful predictions. In future work, we seek to relate the network’s findings to the pro-
cesses that govern the ocean surface boundary layer’s behavior (e.g., with equation dis-
covery). This may ultimately lead to a simpler, interpretable and computationally low-
cost physics based model for the shape function that can be learned from the neural net-
work and applied in ocean models.

5.3 Implications for augmenting ocean parameterizations with Machine
Learning

A second implication of this work is demonstrating the immense potential for neu-
ral networks to improve parameterizations in ocean models. This implication is in agree-
ment with several similar previous studies in earth system modeling (e.g. O’Gorman &
Dwyer, 2018; Yuval & O’Gorman, 2020). As neural networks are not limited to individ-
ual processes, future avenues of research on ocean parameterizations will benefit from
their usage. For example, neural networks can be applied to incorporate different mixed
layer processes such as non-local fluxes during convection, entrainement, Langmuir tur-
bulence, symmetric instability, surface wave effects, etc. into a single neural network model.
Parameterizations in the form of weights and biases are advantageous because they can
be re-tuned and further optimized to train as additional data, observations, and processes
are presented.

The successful application of neural networks in an OGCM simulation unlocks the
potential to test the importance of improving a certain process/parameterization in the
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model. For example, consider a case where the process studies’ data exists, but a physics-
based parameterization might be challenging to develop. Neural networks can param-
eterize that process and its impacts in an OGCM can be explored before going into a
detailed parameterization development, which can be resource consuming.

We have established a successful pipeline whereby an existing parameterization was
augmented to take advantage of the neural network capabilities. The successful imple-
mentation of the neural network within ePBL and its application to an ocean climate
model presents new opportunities to improve upper ocean mixing parameterizations and
ocean climate models.

Appendix A Why does v0 change due to Coriolis parameter, f?

In general, turbulent velocity scales are related to turbulent kinetic energy and de-
pend on boundary forcing, u∗ and B0. Here, in addition to u∗ and B0, we find a depen-
dency of the bulk turbulent velocity scale v0 on f . The bulk velocity is diagnosed by us-
ing diffusivity and boundary layer depth from the training data as per Equation 14. To
predict v0 using N2 the Coriolis parameter f has been used because we found the model
improves in ability to predict variations in v0 in the training data. This is evident from
Figure Appendix A.

Figure Appendix A shows the variation of v0 with respect to latitudes and h un-
der surface heating and cooling conditions. This indicates that f is a useful input for ac-
curately predicting v0. Physically, the inclusion of f is related to the role of rotation in
limiting the wind-input of energy and the shear production of turbulence in the bound-
ary layer through Ekman effects. The variation due to h is smaller than due to f , around
5% of the mean value of v0 for any particular set of forcing (f,B0, u∗). Since the imple-
mentation and generalization is significantly easier if the network only depends on ex-
ternal forcing parameters, we choose to include f as an input to the network and neglect
h.

Appendix B Quantifying uncertainty range covered in the forcing data

Table 1 gives the range of the forcing parameters covered in the training data set.
A natural question is how much of the variability observed in GCM simulations is cov-
ered in the training data. We can estimate this using Shannon entropy (Shannon, 1948)
which measures the amount of uncertainty and variability in a variable (Sane et al., 2021,
2020; Carcassi et al., 2021).

Shannon entropy of an event xi is given by H(x) = ΣN
i=1pilog2(1/pi) (Cover, 1999)

and measures the average amount of information or surprise related to the event. We
only use discrete probability distributions. Low probability events have high Shannon
entropy because they cause more surprise compared to high probability events. It is a
non-parametric measure and does not make any assumption about the distribution. u∗
and B0 are non-Gaussian (Figure Appendix A).

For u∗: H(u∗ >0.03 m/s) ≈ 95.5% and for B0: H(|B0| > 2.1 × 10−7 m2/s3) ≈ 86%.
This can be interpreted as the values u∗ > 0.03 have 95.5% uncertainty associated with
them. So leaving out values of u∗ for which u∗ > 0.03 removes 95.5% uncertainty from
the training data. This is a simplistic estimate and assumes u∗ and B0 are independent.
These estimates show that our training data cover 95.5% variability for u∗ and 86% of
B0 as observed under realistic conditions in a GCM.

The training data points are uniform and although they cover most of the range
seen in realistic conditions, the training data does not follow the same marginal prob-
ability distribution of u∗ and B0 as well as the joint probability distribution between u∗, B0.
For machine learning application of parameterization development the consequence of
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Figure A1. Variation of normalized v with repect to its mean value. v0 varies due to heat

flux, surface stress, latitude. Variations due to h are within 5% of the mean value of v0 and hence

excluding h from being an input to N2 can be considered reasonable. Note that v0 is a diag-

nosed quantity from the output of k − ϵ SMC model and our goal is to resconstruct it back in an

OGCM.

sampling from joint distribution of variables from realistic conditions versus having uni-
formly spaced forcing is unknown as of now and will be left for future study.

Figure B1. Left: Probability density curve of surface friction velocity u∗. Right: Probability

density curve of surface buoyancy flux Bo. The arrows denote the range covered in the training

dataset.
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Appendix C List of symbols and abbreviations

Table C1. List of symbols

Symbol Decription Units (if applicable)

Ψ Generic output -

F Generic Function -

N Neural Network function -

w hyperparameters in a Neural Network -

f Coriolis parameter s−1

w vertical velocity m/s

u∗ Surface friction velocity ms−1

b Buoyancy ms−2

B0 Surface Buoyancy Flux B0 = w′b′0 m2s−3

h Boundary layer depth m

ϕ Generic tracer -

κϕ Diffusivity of a variable ϕ m2 s−1

b Buoyancy ms−2

L Length scale used in diffusivity m

z z co-ordinate, aligned with the local gravitational acceleration m

σ sigma co-ordinate, defined by z/h -

g(σ) shape function which sets variation of diffusivity -

v0 velocity diagnosed from k − ϵ single column model runs ms−1

MLD Mixed layer depth m

k turbulent kinetic energy m2/s2

ϵ Dissipation of turbulent kinetic energy m2/s3

Open Research Section

The code and the data can be obtained from https://doi.org/10.5281/zenodo.7955324
The code includes scripts for generating the training data, training the neural network
model, and code for vertical mixing scheme which has been modified to use neural net-
works. We have also provided code and data for plotting.
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