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Abstract

Deep neural networks (DNNs) are developed from a dataset obtained from the Dynamic
Smagorinsky model to emulate the subgrid-scale viscosity (vsgs) and diffusivity (ksgs) for
turbulent stratified shear flows encountered in oceans and atmosphere. These DNNs predict
Vegs and Kggs from velocities, strain rates and density gradients such that the evolution of
the kinetic energy budget and density variance budget terms is similar to the corresponding
values obtained from the original Dynamic Smagorinsky model. These DNNs also compute
Vsgs and Kggs ~ 2 — 4 times quicker than the Dynamic Smagorinsky model resulting in a
~ 2 — 2.5 times acceleration of the entire simulation. This study demonstrates the feasibility
of deep learning in emulating the subgrid scale phenomenon in geophysical flows accurately
in a cost-effective manner. In a broader perspective, deep learning based surrogate models
can present a promising alternative to the traditional parameterizations of the subgrid-scale
processes in climate models.

Plain Language Summary Large eddy simulations (LES) are commonly used to sim-
ulate various atmospheric and oceanic flows. In LES the large eddies are resolved whereas
the small scale turbulent features, which are the primary source of mixing, are parameterized
using physical models. A deep learning based surrogate LES model is developed from the
dataset obtained from such a physical model, the Dynamic Smagorinsky model, at moderate
Reynolds number (see SI) and resolution. When this surrogate LES model is deployed for
10 times higher Reynolds number at a relatively higher and lower resolution, it was able
to capture all the qualitative and quantitative features of the flow accurately at a cheaper
computational cost. The effectiveness of deep learning based surrogate models to emulate
the small-scale processes is a promising area of research and can potentially be extended for
various subgrid scale parameterizations in climate and earth science models.

1 Introduction

The fidelity of climate models and earth system models is compromised due to their
inability to resolve the turbulent mixing occurring at the scale of hundreds of meters to a
few kilometers. Stratified oceanic and atmospheric mixing is commonly instigated by a shear
instability which is the dominant mechanism for converting the fluid motion to turbulence.
This investigation uses deep learning as a new technique to accurately parameterize the
turbulence phenomenon associated with mixing owing to shear instabilities at high Reynolds
numbers in a stratified environment.

In recent years, deep learning (Dechter, 1986; LeCun, Bengio, & Hinton, 2015) has
evolved as a compelling and cutting-edge topic of research and has demonstrated a tremen-
dous increase in accuracy in the areas of image and speech recognition. Deep learning achieves
its great power and flexibility by learning features incrementally through its hidden layer ar-
chitecture. Owing to its supremacy in terms of accuracy when trained with a huge amount
of data, deep neural networks are gaining popularity in the areas of turbulence modeling
(Ling, Kurzawski, & Templeton, 2016; Parish & Duraisamy, 2016; Tracey, Duraisamy, &
Alonso, 2013; Zhang & Duraisamy, 2015), climate and earth science research (Anderson &
Lucas, 2018; Bolton & Zanna, 2019; Brenowitz & Bretherton, 2018; Gentine, Pritchard, Rasp,
Reinaudi, & Yacalis, 2018; Pal, Mahajan, & Norman, 2019; Reichstein et al., 2019; Watson,
2019).

A stratified shear layer, characterized by two parallel fluid streams with different ve-
locities and density (see figure S1 in SI), is commonly observed in oceans and atmosphere.
Under favorable conditions such stratified shear layer develops Kelvin-Helmholtz (KH) in-
stabilities and forms large-scale billows which subsequently break down to turbulence and
mix the fluid streams. The evolution of a stratified shear layer is extensively studied by
using observational techniques, laboratory experiments and numerical simulations (Brucker
& Sarkar, 2007; Caulfield & Peltier, 2000; Geyer, Lavery, Scully, & Trowbridge, 2010; Pham,
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Sarkar, & Brucker, 2009; W. D. Smyth & Moum, 2000a, 2000b). Turbulence resolving sim-
ulations (direct numerical simulations, DNS) of stratified shear layers have been performed
at Reynolds number of 5000 (Pham & Sarkar, 2010; W. Smyth, Moum, & Caldwell, 2001).
However, in a more realistic scenario such as in the oceans and atmosphere, the Reynolds
numbers associated with these shear layers are O(10° —10°) (Geyer et al., 2010). DNS at such
high Reynolds number are prohibitively expensive. Therefore, large eddy simulations (LES)
are used as a cheaper alternative. In LES the larger eddies are resolved whereas the effect
of the small scales on these large eddies are parametrized by the subgrid scale fluxes. LES
are extensively used in investigating atmospheric boundary layers (Chamecki, Meneveau, &
Parlange, 2007; Moeng & Sullivan, 1994), shallow cumulus convection (Siebesma et al., 2003)
and stratocumulus-topped planetary boundary layer (Stevens et al., 2005). Similarly LES are
also noticeably employed in oceanography (Jalali & Sarkar, 2017; Pham & Sarkar, 2017) and
ocean modeling (Chalamalla, Santilli, Scotti, Jalali, & Sarkar, 2017). LES of the canonical
shear without stratification has also been performed by Vreman, Geurts, and Kuerten (1997).

Although LES models provide a reasonably accurate representation of the small scale
processes, their implementation in climate models to parameterize turbulence is very challeng-
ing. Therefore, a deep learning based simpler surrogate model is constructed from a robust
LES model (Dynamic Smagorinsky model, Germano, Piomelli, Moin, and Cabot (1991)) as
a proof of concept to emulate the unresolved turbulent processes accurately. The Dynamic
Smagorinsky model computes vg4s and k45 from velocities, strain rates and density gradi-
ents. The deep learning based subgrid scale model will also use velocities, strain rates and
density gradients to predict vygs and kg4 in a relatively simpler formulation. Machine learn-
ing techniques have become popular in recent years for emulating unresolved atmospheric
processes. Deep neural networks are used by Gentine et al. (2018) to emulate the effects of
unresolved clouds and convection in an idealized simulation over an aqua-planet using the
Super-Parameterized Community Atmosphere Model (SPCAM). Rasp, Pritchard, and Gen-
tine (2018) also used deep neural networks to represent all atmospheric subgrid processes in
SPCAM. They have reported close resemblance of mean climate and key aspects of variabil-
ity between the deep learning based parameterization and the traditional parameterization
in SPCAM. Similar neural network based parameterization for apparent sources of heat and
moisture are developed by Brenowitz and Bretherton (2018) for a near global aqua-planet sim-
ulation using the Community Atmosphere Model. A random forest based parameterization
for moist convection is also developed and implemented in a general circulation model (GCM)
in an idealized setting by O’Gorman and Dwyer (2018). Deep neural network based surrogate
models are also developed by Pal et al. (2019) for radiative transfer in Super-Parameterized
Energy Exascale Earth System Model (SP-E3SM). Bolton and Zanna (2019) trained convo-
lutional neural networks (CNNs) on degraded data from a high-resolution quasi-geostrophic
ocean model. They demonstrated that their CNNs successfully replicate the spatiotemporal
variability of the subgrid eddy momentum forcing, are capable of generalizing to a range of
dynamical behaviors, and can be forced to respect global momentum conservation.

In the past few years, neural network based models have emerged as a substitute to
parameterize the turbulence processes in Reynolds Averaged Navier-Stokes (RANS) mod-
els (Ling et al., 2016; Parish & Duraisamy, 2016; Tracey et al., 2013; Zhang & Duraisamy,
2015). Recently, Srinivasan, Guastoni, Azizpour, Schlatter, and Vinuesa (2019) illustrated
the potential of neural networks to predict the temporal dynamics of a low-order model of
a turbulent flow. However, the use of deep neural networks to parameterize the turbulent
processes in LES models are not explored yet. Therefore, the prime motivation of this inves-
tigation is to verify the feasibility of deep learning based subgrid scale models to accurately
and efficiently emulate the subgrid scale processes occurring in geophysical flows. Deep neu-
ral networks are developed from a dataset obtained from the LES of an evolving shear layer
at moderate Reynolds number (10%) using the Dynamic Smagorinsky model. Later these
deep neural networks replace the Dynamic Smagorinsky model to emulate the subgrid scale
turbulent processes at a higher Reynolds number (see definition in SI) (10°) relevant to ocean
and atmosphere at different resolutions. The mean and fluctuating statistics obtained from
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this deep learning based subgrid scale model are compared with the traditional Dynamic
Smagorinsky model to assess the accuracy and effectiveness of this surrogate LES model.

The details of the problem setup and DNN architecture are presented in section 2. Qual-
itative and quantitative comparisons between the deep learning based surrogate LES model
and the traditional Dynamic Smagorinsky model are discussed in section 3, and conclusions
are given in section 4.

2 Method
2.1 Problem setup
2.1.1 Stratified shear layer

Following Pham and Sarkar (2014) a stratified shear layer is defined as two parallel
streams of fluid with different velocity and density flowing in opposite directions (see figure
S1in SI). The streamwise velocity and density fields are initialized as a function of the vertical

direction (z3) as follows:
AU* 3
*\ tanh 3
(') = —5—tan (0.55:,’())’

o o, Apt T3
') =+ mnh(o.&s* )

w,0

where AU* and Ap* are the initial velocity and density differences, respectively. The initial
thickness of the shear layer is 67, ; calculated by AU*/ maz(|§%3 |). The superscript * denotes
dimensional quantities and (e) represents averaging in the homogeneous directions (1 — x2).

2.1.2 Governing equations and numerical method

In a LES model, the equations of motion for an incompressible flow with Boussinesq
approximation are filtered in space, non-dimensionalized by AU*, §;, , and Ap* Pham and
Sarkar (2014), and are written as:

mass:
ou;
=0
8:51- ’
momentum:
8ﬂi 8(ujul-) 8? 1 82ﬂi .y 87”-
— - —— L 4 Riyop'gi — -2,
ot + 633]- 8331 + Reo (%j@xj + .00 9 635]-
density:
op Owp) 1 Pp 9Q;

ot Ox; "~ ReyPr O0z;j0r;  Ox;

where the overbar denotes the filtered quantities and g is gravity acting in the vertical(zs)
direction. The Reynolds number, Rey = AU*A}, ,/v* (v* is the molecular viscosity), the
bulk Richardson number Riyo = g*Ap*Af o/pgAU*?, and the Prandtl number Pro = v*/x*
(k* is the molecular diffusivity) are the three non-dimensional parameters which prescribe
the fluid motion. Although the Prandtl number Pry = 1 in this investigation is typical to
the atmosphere, the Reynolds number and the bulk Richardson number considered in this
study are well within the range expected in both the ocean and atmosphere. The subgrid
scale stress, 7;; and subgrid buoyancy flux @); is parameterized as follows:

Tij = —2CdZ2|S‘Sij,

—2 . 0p
— _C. NS 22
Q; Cy ‘Slﬁxj’
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where A is the filter width, Cy is the model coefficient, S;; = 1/2(du;/0x; + Ou;/0z;) is the

resolved strain rate and | S| is defined as 1/25;;5;;. The subgrid eddy-viscosity and diffusivity
are given by:

Vags = CaA’|S|,
Kogs = CoA°|S],

respectively. The model coefficients Cy and Cy are calculated by a dynamic procedure Ger-
mano et al. (1991); Lilly (1992) in which a test filter is applied to the resolved velocity fields.
The quantities denoted by @ are double-filtered with both LES and test filters. The dynamic
coeflicient is computed by:

(LijMj)

Cy=—=H4/
¢ (M Mij)

DN =

— . ~2~—~ 5
where L;; = u;u; — uu; and M;; = A |S|Ss; — A2|S|Sij. Similarly, the dynamic coefficient

for the subgrid buoyancy flux is
o)
"7 2 (MfMy

—~ ~ ~2——"= o
where LY = pu, — pu; and M; = A |S‘§TZ - A2|S\§TZ. The ratio of the test and LES filter,

A/A = 6, and (e) denotes the averaging in the homogeneous directions (in this case the
horizontal, £ — x5 direction). For time-advancement, a semi-implicit, third order Runge-
Kutta/Crank-Nicolson formulation is used. The viscous terms in the wall normal direction
are treated implicitly whereas the viscous terms in the periodic direction are treated explicitly.
All the spatial derivatives are discretized using a central, second-order finite difference scheme
on a staggered grid. The pressure Poisson equation which is utilized to project the velocity
field into a divergence-free space is solved using a multigrid solver. This numerical solver has
been validated and used extensively for a number of free-shear and wall-bounded turbulence
problems Brucker and Sarkar (2010); Pal and Chalamalla (2020); Pal, de Stadler, and Sarkar
(2013); Pal and Sarkar (2015); Pham and Sarkar (2014, 2018).

The horizontal boundaries have periodic conditions, while the top and bottom bound-
aries have the following boundary conditions:

1
7H1 (xS,maw) = _57

N |

U1 (23, min) =

ﬂ2($3,min) = Oaa2($3,maa:) = 07

ous . Ous .
%(xS,mzn) - 81‘3 (xB,maI) - 0;
ﬁ(xi’u,min) = ]7(333,77Lax) =0,

op _op _
(91'3 (x?),mln) - 3:1:3 (xS,ma;v) =0.

2.2 Deep neural networks
A dense, fully-connected, feed-forward DNN is chosen for this application as follows:
hi = o1 (Widin + 1)
ha = 2 (Wahy + b2)
hs = w3 (Wsha + b3)
Pyt = (Wyhg + bs) .

Here A;,, denotes the input vector; P,,; is the predicted output vector; W7, Wy, W3, W, are
matrices of trainable weights; by, ba, b3, by are “bias vectors”; @1, 2, 3 are the non-linear
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activation functions; and hi, hs, and hs are the “hidden” vectors whose scalar components
are called “neurons”. Note that activation functions are only applied on the hidden vectors.
For the present investigation a neural network package called Keras (https://keras.io) has
been used, which is a high-level wrapper around Tensorflow (https:// www.tensorflow.org/)
written in Python.

2.3 Data collection and normalization

Table 1 lists all the simulated cases for this study. DSM1 represents simulation at
Reynolds number Re = 10* using the Dynamic Smagorinsky model and serves as a source
of data collection for a deep neural network (DNN). The domain is decomposed laterally
(z1 — x2 directions) on 480 CPU cores for computation. The input and output variables are
collected at each grid point along the vertical column at the center of each CPU core (see
the dashed black line in figure S1 in ST) at every 100 time steps. This ensures spatial and
temporal variability in the input-output pairs. The Dynamic Smagorinsky model computes
Vsgs from velocities, strain rates and the size of the filters (LES and test) at every grid point
as equations 20-10. Similarly g is calculated from velocities, density, strain rates, density
gradients in the respective direction and the size of the filters (LES and test) at every grid
point as equations 9-11.

The goal is to develop two separate DNNs, one of which will predict vgys whereas the
other one will predict xs4s. The velocities (@, 7,w) and strain rates (S;; = 1/2(du;/0z; +
0u,;/0x;)) Germano et al. (1991) at every grid point are taken as inputs to the DNN whereas

Vsgs at the corresponding locations will be the output from the DNN. Analogously @, @, w, 5, S;;, 0p/0x;

will be the inputs for computing s¢s. The size of the filters are related to the grid size and
are taken into account during strain rate calculation. Therefore the effect of the size of the
filters are indirectly associated with the strain rates and are excluded from the inputs to the
DNN. Approximately 12 million input-output samples are collected from DSMI.

The following terminology is used to describe the different data sets:

1. Training data set: A random 90% of the saved data from DSM1 is used to train the
DNNSs over a series of epochs.

2. Testing data set: A random 10% of the saved data from DSM1 is used to probe the
accuracy of the DNNs after they have been trained. The DNNs are never trained on
this data set during any epoch.

3. Validation data set: During each epoch, a random 10% of the training data set re-
mains unused during a single epoch and is used to track DNN generalization as epochs
progress during training.

The input and output variables should be given equal importance while computing the
loss function. Therefore, each input and output variable in the present study is normalized
by the maximum and minimum values of each variable across the entire dataset using the
following relations:

a1 A; —min; (A;)
7 max; (A;) — min; (A;)’
G, = Cy, — min, (Cy)

max; (C) — min; (Cx)’

where A; (j = [1,9]) are the inputs (@, D, W, Sz, Syy, S22y Says Suzs Syz) and Cy (k = 1) is
the actual output (vs4s) from DSMI1, ¢ is the number of training samples. Similarly, A;
(j = [1,13]) will be @, 7, @, p, Sz, Syy, Sz2: Say, Szz, Sy=, 0p/0x,0p/0y,0p/0z for Ci to be
Ksgs- .,zl\j and @ are used as inputs and output for training the DNNs. Notice that outputs
CA’k(ﬁsgs,Esgs) are normalized (21), and are non-normalized using min; (Cx) and max; (Cx)
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from DSM1 to obtain vygs and kegs. This is applicable for all the cases with deep learning
based subgrid scale model (DLLES2, DLLES3, DLLES4 and DLLESS5).

Several exploratory training experiments were carried out to refine the architecture of
the DNNs. This includes varying the number of hidden layers, number of neurons, different
activation functions, different batch sizes and different number of epochs. However, the cur-
rent configuration results in a balance between the validation accuracy and speed up. The goal
was to select a number of hidden layers and neurons per layer that will minimize the training
as well as the validation error. These goals were achieved by using 3 ”hidden layers” with 16
neurons in each hidden layer. A ReLU activation unit, which uses the Rectifier Linear (ReL)
activation function (https: //keras.io/activations/) defined as f(x) = max(0,w e x), is cho-
sen for this study. The optimizer used for training is RMSprop (https://keras.io/optimizers)
with a learning rate of 0.01. The DNNs are trained with a batch size of 240 for 100 epochs
with mean squared error (https://keras.io/losses) as the loss function. The details of the
setup and architecture of the deep neural network such as hidden layers and number of neu-
rons are provided in section 2.2 and figure S2 in SI. Figures S3(a)-(b) in SI show the evolution
of the training and validation loss for vs4s and ksgs. The training took approximately 3 hours
on a single Nvidia Pascal graphical processing unit (GPU).

Figures S4 (a)-(b) compare the vg4s and kg5 predicted from the DNNs with the actual
values of vggs and ks, Obtained from the Dynamic Smagorinsky model (DSM1) for the first
100 samples of the testing dataset. These samples represent the spatial and temporal vari-
ability of vygs and ksgs at Reg = 10%. The DNNs are able to capture the qualitative and
quantitative details of the variation in vs4s; and kg4 similar to the Dynamic Smagorinsky
model. The rest of the samples in the testing dataset also manifest qualitative and quantita-
tive similarity in ve4s and kgegs calculated from the DNNs and DSM1, however, to avoid data
clutter in a single plot only the first 100 samples are shown in figures S4 (a)-(b). These two
DNNs will now replace the original Dynamic Smagorinsky model for shear layer simulations
at Reg = 105.

3 Results and Discussion

Figure 1 (a) and (c) compares the distribution of v4ys between DLLES2 and DSM2 at
Re = 10° at time ¢t = 51s,85s on a vertical (x; — z3) plane at the center (z3 = 0). An
analogous contour plot for DLLES4 and DSM4 is shown in figure 1 (b) and (d) respectively.
It is evident from Figures 1(a) and (b) that the deep learning based subgrid scale model is
able to capture the essential dynamical features such as the formation of Kelvin-Helmholtz
billows and their disintegration to turbulence during the evolution of the shear layer similar
to the Dynamic Smagorinsky model (figures 1(c),(d)). The DNNs were trained on a dataset
obtained from a coarse resolution simulation at Reg = 10* (case DSM1). When these DNNs
are employed at Rey = 10°, relevant to atmospheric and oceanic flows, they predict Vsgs
and kg fairly well for same and finer resolution simulations. This is manifested by the
comparison of the vertical profiles of horizontally averaged (see equation 18 in SI) vy at
time ¢ = 51s,85s between the deep learning based subgrid scale model and the Dynamic
Smagorinsky model for the respective cases in figures 1 (e) and (f). Analogous comparisons
of k545 are shown in figures 1 (g) and (h). The differences in the vertical profiles of v44, and
Ksgs between the cases with the deep learning based subgrid scale model and the Dynamic
Smagorinsky model are probably attributed to the difference in Rey and grid resolution at
which the DNNs are being trained and employed.

The deep learning based subgrid scale model accelerates the computation of v, and
Ksgs Dy ~ 2 — 4 times as compared to the Dynamic Smagorinsky model as evident from the
SGS CPU time per time step in table 1. The computation of v44s using the deep learning em-
ulation requires ~ 0.85 times floating point operations than the Dynamic Smagorinky model.
The deep learning based subgrid scale model replaces all the complex calculations for v
(equations 20-10) and k445 (equations 9-11) with matrix-vector multiplications (equations 17-
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230 Figure 1. Comparison of vsgs at central vertical plane (x2 = 0,21 — x3 plane) at coarse and finer
231 resolution obtained from deep learning based LES model (¢) DLLES2, (b) DLLES4, and Dynamic
232 Smagorinsky model (¢) DSM2, (d) DSM4 at time ¢ = 51s. Comparison of vertical profiles of horizon-
233 tally averaged (vsqs) for (e) coarse (DLLES2 and DSM2), and (f) finer (DLLES4 and DSM4) resolution
234 simulation at time t = 5lsand Rep = 10°. Comparison of vertical profiles of horizontally averaged
235 (Ksgs) for (g) coarse (DLLES2 and DSM2), and (h) finer (DLLES4 and DSM4) resolution simulation
236 time ¢ = 51s,85s and Reg = 10°.
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20). An optimized BLAS operation dgemm (http://www.netlib.org/lapack/) is used for these
matrix multiplications between the input/hidden vectors and the weight matrices. Therefore
the acceleration of the deep learning based subgrid scale model is not only attributed to the
lesser number of floating point operations, but also to the use of highly optimized matrix
multipliers designed for modern computer architectures. This speed-up is measured by com-
paring the minimum and maximum CPU time elapsed in calculating vy, and r44s among all
the CPUs during the entire simulation for the deep learning based subgrid scale model and
the Dynamic Smagorinsky model. The determination of vy, and k4, and the Navier-Stokes
solver, which primarily is the Poisson equation (an elliptic equation) for pressure perturba-
tion, are two of the most computationally expensive modules for the simulation of turbulent
shear layers. As indicated in table 1 the NS solver CPU time is same for all the respective
cases (DSM2 and DLLES2; DSM3 and DLLES3; DSM4 and DLLES4; DSM5 and DLLES5),
and is less than the SGS CPU time. Therefore, an acceleration in the computation of v
and Kggs by the deep learning based subgrid scale model will accelerate the entire simulation
by ~ 2 — 2.5 times as compared to the simulation using the Dynamic Smagorinsky model.

The DNNs developed in this investigation have learned the underlying physics of the
problem resulting in their capability to establish a relationship between the flow variables and
eddy viscosity/diffusivity. This is the reason why these DNNs are able to predict v44s and
Ksgs for a higher Reg at different resolutions fairly well. It should be noted that a flow with
a different physics will require an additional simulation for data collection, and development
of a deep learning based SGS model for that particular flow. However as demonstrated
in this study, the deep learning based SGS model can not only provide accuracy but will
overall be computationally cheaper (see SI for total computational time details) when used
for parametric studies as compared to the Dynamic Smagorinsky model.

A qualitatively similar evolution of the filtered density field (p) is observed between the
deep learning based subgrid scale model and the Dynamic Smagorinsky model for the coarse
(figures 2(a)-(c)) and fine (figures 2(b)-(d)) grid simulations. An analogous comparison for
the coarser grid simulations (DLLES3 and DSM3) is shown in figures S5(a) and (b) in SI.
The deep learning based LES model is able to capture the details of the flow field such as
the secondary KH instabilities along the braids of the primary KH billows similar to the
Dynamic Smagorinsky model. The appearance of such secondary KH instabilities are typical
to high Req shear flows (Geyer et al., 2010). It can also be observed from figures 2 (e)
and (f) that the deep learning based subgrid scale model imitates the time evolution of the
vertically integrated turbulent and mean kinetic energy similar to the Dynamic Smagorinsky
model for the coarse (DLLES2, DSM2) and fine (DLLES4, DSM4) grid simulations. The
increase in TK FE is attributed to the decrease in M K E signifying the conversion of M KFE
to TKE. This phenomenon is further explained by means of the production term in TKE
budget equation in the upcoming paragraphs. Figures S5 (c¢) and (d) in ST also corroborate
the accuracy of the deep learning based subgrid scale model in computing TKE and MKFE
for coarser (DLLES3) grid simulations.

In LES the large scales are resolved whereas the small scale turbulence is modeled using
a subgrid scale model. The performance of a subgrid scale model is determined by its ability to
provide sufficient subgrid scale dissipation and scalar dissipation via vsgs and r44s respectively.
If the subgrid scale/scalar dissipation is low, energy builds up in small scales resulting in
eventual crashing of the solver. If the subgrid scale/scalar dissipation is high the small scale
features dissipate resulting in lower turbulence intensities and disappearance of the finer
structures in large scales resulting in inaccurate evolution of the large structures. Therefore,
to verify the accuracy of the deep learning based subgrid scale model it is imperative to
compare the small (TKE, scalar variance budgets) and large scale statistics (MKE budget)
obtained from the deep learning algorithm and the Dynamic Sagorinsky model. The TKE
(equations 3 — 8), density variance (equations 13 — 18), and MKE (equations 9 — 12) terms
are presented in SI.
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284 Figure 2. Comparison of filtered density p field at central vertical plane (x2 = 0,21 — x3 plane)
285 at coarse and fine resolution obtained from deep learning based subgrid scale model (a) DLLES2, (b)
286 DLLES4, and Dynamic Smagorinsky model (¢) DSM2, (d) DSM4 at time ¢t = 51s. Comparison of the

287 time evolution of vertically integrated (e) TKE, and (f) MKE between the deep learning based subgrid

288 scale model and the Dynamic Smagorinsky model at Rep = 10°.
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Figure 3. Comparison of vertical profiles es4s between (a) DLLES2 and DSM2, (¢) DLLES3 and
DSM3, (e) DLLES4 and DSM4, and (g) DLLES5 and DSM5 at time ¢t = 51s,85s and Rep = 10°. Com-
parison of vertically integrated TKE budget terms between (b) DLLES2 and DSM2, (d) DLLES3 and
DSM3, (f) DLLES4 and DSM4, and (h) DLLES5 and DSM5 at Reo = 10°.
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The vertical profiles of subgrid dissipation (€545, eqn 7 in SI) at time ¢t = 51s,85s for
different grid resolutions are shown in 3 (a), (¢) and (e). The resolved dissipation (e, eqn
5 in SI) is small as compared to the subgrid dissipation for all the cases and is not shown.
This is attributed to high Rey at which subgrid dissipation contributes more to the TKFE
budget, making up for the smaller resolved dissipation. Pham and Sarkar (2014) presented
LES studies at the Rey = 5000 in which both the resolved and subgrid scale dissipation
contributes equally. The deep learning based LES model is able to determine the subgrid
scale dissipation at time ¢ = 51s, 85 fairly well for all the grid resolutions when compared with
the Dynamic Smagorinksy model. The differences in the vertical profiles of €44, is directly
related to the differences in the vertical profiles of vg4s. Geyer et al. (2010) reported that
the KH instabilities at Rey = 1.25 x 10°, Ri, ~ 0.2 — 0.25 and Pry = 700 has dissipation
in the range of 3 — 6.8 x 107*m?s~3. Note that Geyer et al. (2010) has defined Reynolds
number based on half the velocity difference across the layer and halfwidth of the shear zone.
Therefore, their Reynolds number of 5 x 10° equals to Rey = 1.25 x 10°. The dissipation
from the deep learning based LES model is in the range 3.6 — 7 x 10~*m?2s~2 (figures 3 (a),
(c) and (e)) similar to the observations of Geyer et al. (2010).

A comparison of the time evolution of the vertically integrated TKE budget terms
between the deep learning based subgrid scale model and the Dynamic Smagorinsky model
for different grid resolutions are shown in figure 3(b), (d) and (f). The resolved and subgrid
transport terms when integrated over the computational domain are negligible and are not
shown. The initial increase in the production term represents the extraction of energy from
the shear, as also manifested by the decrease in M K E in figure 2 (f). This energy is converted
to turbulence as shown by the increase in d(TKFE)/dt term. At a later time (¢ > 60s) the
turbulence decays owing to the loss to dissipation and buoyancy flux. The differences in
TKE budget terms among different cases are attributed to the different grid resolutions.
The deep learning based subgrid scale model is able to mimic the magnitude and variation
of the production (P), buoyancy flux (B), and the advection (d(TK E)/dt) terms at different
grid resolutions similar to the Dynamic Smagorinsky model. There are small differences in
the evolution of the the total dissipation (¢ + e445) which is attributed to the differences in
Vsgs computed by the DNNs amd the Dynamic Smagorinsky model.

Comparison of the time evolution of vertically integrated M K E budget terms (figure
4(a),(c),(e)) and density variance budget terms (figure 4(b),(d),(f)) between the deep learning
based subgrid scale model and the Dynamic Smagorinsky model for the cases at Rey = 10° are
shown in figure 4. The purpose of analyzing the M K FE budget is to appraise the performance
of the deep learning based subgrid scale model in the conservation of the mean kinetic energy.
The M KFE transport terms, M K FE dissipation terms and mean buoyancy production term
(see equations 25 — 28 in SI) become negligible when integrated in the vertical direction.
Therefore production is the only source of the rate of change of M KFE. The deep learning
based subgrid scale model respect the conservation of M K E for all grid resolutions similar to
the Dynamic Smagorinky model as shown in figures 4(a),(c),(e). The scalar transport terms
(resolved and subgrid) when integrated vertically also become negligible and are therefore
not shown in figure 4(b),(d),(f). The scalar production (P,) term is the source whereas the
scalar dissipation (x, + Xp,sgs) acts as a sink for the evolution of scalar variance advection
term ( %p). Once again the deep learning based subgrid scale model successfully captures
the variation of the scalar production and scalar variance advection terms similar to the
Dynamic Smagorinsky model for all the grid resolutions at Rey = 10° with small differences
in the evolution of the scalar dissipation term. These differences are associated with the
differences in kygs calculated from the deep learning based subgrid scale model and the
Dynamic Smagorinsky model.

4 Conclusions

Deep learning is used as a new technique to emulate the subgrid scale viscosity and
diffusivity for large eddy simulations of turbulent shear flows at Reynolds number relevant to
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that observed in the oceans and atmosphere. The deep learning based subgrid scale model is
developed from a dataset obtained by simulating a shear layer using the traditional Dynamic
Smagorinsky model at a particular grid resolution at Rey = 10*. Once this subgrid scale
model is trained and validated, it replaces the Dynamic Smagorinsky model for simulating
shear flow at Rey = 10° for different grid configurations. The deep learning based subgrid
scale model predicts v4gs and K445 from velocities, strain rates and density gradients such that
all the qualitative features during the evolution of the shear layer such as the KH billows, their
instabilities, secondary KH instabilities in the braids and eventual transition to turbulence
are captured for not only the same grid resolution but for a finer and coarser grid resolution as
well. This model also computes the subgrid scale viscosity and diffusivity ~ 2—4 times quicker
than the Dynamic Smagorinsky model. This acceleration of the deep learning based subgrid
scale model is primarily attributed to the simplification of the complex computation of the
subgrid scale viscosity and diffusivity to vector matrix multiplications. As the computational
time required to determine vs4s and k45 turns out to be the prime computational burden
for the present cases, a ~ 2 — 4 times acceleration by the deep learning based subgrid scale
model results in a ~ 2 — 2.5 times speed up of the entire simulation. A deep learning
based subgrid scale model is computationally efficient when used for parametric studies. The
development of deep learning based subgrid scale models may require data from additional
simulations. However the consolidated cost of the additional simulations and training the
DNNs will be compensated as the deep learning based subgrid scale model accelerate the
cases with different parameters.. Quantitative analysis reveal that the deep learning based
subgrid scale model conserves mean kinetic energy during the evolution of the shear layer
similar to the Dynamic Smagorinsky model. This surrogate LES model is also able to mimic
the terms of the turbulent kinetic energy budget and the density variance budget as the
Dynamic Smagorinsky model.

The primary motivation of developing a deep learning based subgrid scale model is to
verify the feasibility of machine learning algorithms to determine the subgrid scale processes
accurately in geophysical flows. This study builds a confidence in experimenting with deep
learning alogrithms in emulating the subgrid scale processes in climate models similar to
Gentine et al. (2018); Rasp et al. (2018). The subgrid scale processes such as rain, clouds,
mixing owing to turbulence are typically represented by physical models in current climate
models. These physical models are sometimes complicated and introduce uncertainties in the
outcomes of low-resolution climate simulations. The deep learning based subgrid scale models
developed from a high resolution climate simulation dataset will be a simpler representation
of the subgrid scale processes, and can easily be implemented in the climate model. Although
this investigation was carried out as a proof of concept, the results are promising enough to
motivate futuristic research in data-driven emulation of the small scale processes in climate
and earth science models. The capability of deep neural networks in parameterizing the
turbulent processes at finer as well as coarser resolutions accurately at reduced computation
cost has been demonstrated in this study. Therefore deep neural network based sgs parame-
terization can be an alternative to the sgs parameterizations based on physically motivated
approaches in ocean (Jansen, Held, Adcroft, & Hallberg, 2015) and climate (Pieroth et al.,
2018) models. Attempts similar to Gentine et al. (2018); Pal et al. (2019) will be made in
the future to implement deep learning based subgrid scale models to emulate the different
subgrid scale processes in a climate model.
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