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Abstract Neural networks (NNs) are increasingly used for data‐driven subgrid‐scale parameterizations in
weather and climate models. While NNs are powerful tools for learning complex non‐linear relationships from
data, there are several challenges in using them for parameterizations. Three of these challenges are (a) data
imbalance related to learning rare, often large‐amplitude, samples; (b) uncertainty quantification (UQ) of the
predictions to provide an accuracy indicator; and (c) generalization to other climates, for example, those with
different radiative forcings. Here, we examine the performance of methods for addressing these challenges
using NN‐based emulators of the Whole Atmosphere Community Climate Model (WACCM) physics‐based
gravity wave (GW) parameterizations as a test case. WACCM has complex, state‐of‐the‐art parameterizations
for orography‐, convection‐, and front‐driven GWs. Convection‐ and orography‐driven GWs have significant
data imbalance due to the absence of convection or orography in most grid points. We address data imbalance
using resampling and/or weighted loss functions, enabling the successful emulation of parameterizations for all
three sources. We demonstrate that three UQ methods (Bayesian NNs, variational auto‐encoders, and dropouts)
provide ensemble spreads that correspond to accuracy during testing, offering criteria for identifying when an
NN gives inaccurate predictions. Finally, we show that the accuracy of these NNs decreases for a warmer
climate (4 ⇥ CO2). However, their performance is significantly improved by applying transfer learning, for
example, re‐training only one layer using ⇠1% new data from the warmer climate. The findings of this study
offer insights for developing reliable and generalizable data‐driven parameterizations for various processes,
including (but not limited to) GWs.

Plain Language Summary Scientists increasingly use machine learning methods, especially neural
networks (NNs), to improve weather and climate models. However, it can be challenging for an NN to learn
rare, large‐amplitude events because they are infrequent in training data. In addition, NNs need to express their
confidence (certainty) about a prediction and work effectively across different climates, for example, warmer
climates due to increased CO2. Traditional NNs often struggle with these challenges. Here, we share insights
from emulating known physics (gravity waves) with NNs in a state‐of‐the‐art climate model. We propose
specific strategies for effectively learning rare events, quantifying the uncertainty of NN predictions, and
making reliable predictions across various climates. For instance, one strategy to address the learning of rare
events involves inflating the impact of infrequent events in the training data. We also demonstrate that several
methods could be useful in determining the uncertainty of the predictions. Furthermore, we show that NNs
trained on simulations of the historical period do not perform as well in warmer climates. We then improve NN
performance by employing transfer learning using limited new data from warmer climates. This study provides
lessons for developing robust and generalizable approaches for using NNs to improve models in the future.

1. Introduction
Small‐scale processes such as moist convection, gravity waves, and turbulence are key players in the variability of
the climate system and its response to increased greenhouse gases. However, since these processes cannot be
resolved, entirely or partially, by coarse‐resolution general circulation models (GCMs), they need to be
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represented as functions of the resolved dynamics through subgrid‐scale (SGS) parameterization schemes (e.g.,
Kim et al., 2003; Prein et al., 2015; Stensrud, 2007). Many of these parameterization schemes are based on
heuristic approximations and simplifications, introducing large parametric and epistemic uncertainties in GCMs
(Hourdin et al., 2017; Palmer, 2019; Schneider et al., 2017).

Recently, there has been a growing interest in developing data‐driven SGS parameterizations for different
complex processes in the Earth system using machine learning (ML) techniques, particularly deep neural net-
works (NNs). Promising results have been demonstrated in a wide range of idealized applications, including
prototype systems (Chattopadhyay, Subel, & Hassanzadeh, 2020; Frezat et al., 2022; Gagne et al., 2020; Guan
et al., 2022; Maulik et al., 2019; Pahlavan et al., 2024; Rasp, 2020), ocean turbulent processes (Bolton &
Zanna, 2019; C. Zhang et al., 2023), moist convection in the atmosphere (Beucler et al., 2021; Brenowitz &
Bretherton, 2019; Iglesias‐Suarez et al., 2023; O’Gorman & Dwyer, 2018; Yuval & O’Gorman, 2020), radiation
(Belochitski & Krasnopolsky, 2021; Krasnopolsky et al., 2005; Song & Roh, 2021), and microphysics (Gettelman
et al., 2021; Seifert & Rasp, 2020). The ultimate promise of data‐driven parameterizations, learned from
observation‐derived data and/or high‐fidelity high‐resolution simulations, is that they might have smaller para-
metric/structural errors, thus reducing the biases of GCMs and producing more reliable climate change pro-
jections (e.g., Reichstein et al., 2019; Schneider et al., 2017, 2021).

However, there are major challenges in developing trustworthy, interpretable, stable, and generalizable data‐
driven parameterizations that can be used for such climate change projection efforts. Discussing and even
listing of all these challenges is well beyond the scope of this paper. Well‐known challenges such as interpret-
ability and stability have been extensively discussed in a number of recent studies (e.g., Balaji, 2021; Beck
et al., 2019; Brenowitz et al., 2020; Clare et al., 2022; Guan et al., 2022; Mamalakis et al., 2022; McGovern
et al., 2019; Pahlavan et al., 2024; Subel et al., 2023). Here, we focus on three other key issues:

1. Data imbalance, and related to that, learning rare/extreme events,
2. Uncertainty quantification (UQ) of the NN‐based SGS parameterization outputs,
3. Generalization of the NN, for example, to climates with different radiative forcings.

Data imbalance is a well‐known problem in the ML literature, especially in the context of classification tasks (e.g.,
Ando & Huang, 2017; Buda et al., 2018; Chawla et al., 2004; Huang et al., 2016; Japkowicz & Stephen, 2002;
Johnson & Khoshgoftaar, 2019; G. Wu & Chang, 2003). The problem becomes particularly significant when one
aims to learn rare/extreme events (Baldi et al., 2014; Chattopadhyay, Nabizadeh, & Hassanzadeh, 2020; Finkel
et al., 2023; Liu et al., 2016; Maalouf & Siddiqi, 2014; Maalouf & Trafalis, 2011; Miloshevich et al., 2023;
O’Gorman & Dwyer, 2018; Qi & Majda, 2020; Shamekh et al., 2023). For example, suppose that we aim to learn
the binary classification of the 99 percentile of temperature anomalies using an NN. In this case, label 0 (no
extreme) will constitute 99% of the training (or testing) set, while label 1 (extreme) will be just 1%. With many
common loss functions such as mean squared error (MSE) or root mean squared error (RMSE), training an NN
will result in one that predicts 0 for any sample (extreme or no extreme) while having a seemingly high accuracy
of 99% (of course, other metrics such as precision/recall will show the shortcoming; e.g., see Chattopadhyay,
Nabizadeh, and Hassanzadeh (2020) and Yang and Gerber (2024)). The most common remedy to this problem for
classification tasks is resampling: for example, down‐sampling nonextreme cases by a factor of 100 to reduce
their size to the size of the top 1 percentile extreme events.

In addition to classification tasks, data imbalance also presents a significant challenge in regression tasks required
for parameterization schemes in climate models. As highlighted by Chantry et al. (2021), these imbalances
contributed to the unsuccessful emulation of their orographic gravity wave parameterization (GWP) scheme,
mainly because orography affects the gravity wave (GW) drag in only a fraction of grid columns. This challenge
also persists in emulating GWP for non‐orographic GWs, especially when GWs are intricately linked to their
sources. For instance, the presence of zero convective GW drag at a majority of GCM grid points due to the
absence of convection creates a notably imbalanced data set. This issue will be explored further in the results
section. In regression tasks, data imbalance may also manifest in the form of difficulty in learning large‐amplitude
(extreme) outputs, which are rare and constitute only a small fraction of the training set. In the case of GWs,
observations have shown that gravity wave amplitudes are highly intermittent, so that the largest 10% events alone
can contribute more than 50% of the total momentum flux (Hertzog et al., 2012), so the extreme events will
contribute an outsized fraction of the total drag. In addition, poorly learning these large‐amplitude outputs, like
drag forces, can result in instabilities (e.g., Guan et al., 2022). Addressing data imbalance in climate applications
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has received relatively limited attention. In this study, we propose several remedies based on resampling tech-
niques and weighted loss functions, demonstrating their advantages in enabling successful emulations of all GWP
schemes and improving the learning of rare/extreme events.

Quantifying the uncertainties in outputs from NN‐based parameterization schemes is important when employing
these schemes, particularly for high‐stakes decision‐making tasks such as climate change projections. Crucially,
during testing when we are unable to directly determine a prediction's accuracy, we need a UQ method that can
provide a credible confidence level for each prediction, serving as a reliable indicator of its accuracy. During
inference, the output of an NN can be inaccurate for various reasons, including poor approximation (e.g., due to
poor NN architecture), poor within‐distribution generalization (e.g., for inputs that are rare events), or poor
optimization (collectively referred to as epistemic uncertainty), as well as because of OOD generalization errors
due to input samples from a distribution different from that of the training set (Abdar et al., 2021; Krueger
et al., 2021; Lu et al., 2021; Miller et al., 2021; Shen et al., 2021; Subel et al., 2023; D. Wu et al., 2021; Ye
et al., 2021; D. Zhang et al., 2021). Quantifying the level of uncertainty would then allow us to avoid using a data‐
driven scheme when it is inaccurate due to one of the aforementioned reasons and/or to flag instances where the
input conditions were not well constrained during training (Li et al., 2022; Maddox et al., 2019; Psaros
et al., 2023; Zhu et al., 2019). In the context of data‐driven parameterization in climate modeling, the two most
challenging sources of uncertainty are rare/extreme events and OOD generalization errors. The latter is a concern
when the GCM is used for climate change studies.

Developing UQ methods for NNs is an active area of research in the ML community, and there is not a generally
applicable rigorous method yet. For instance, techniques like Markov‐Chain Monte Carlo can be prohibitively
expensive, especially when dealing with high‐dimensional systems (Ballnus et al., 2017; Chen & Majda, 2019;
Oh et al., 2005). For a comprehensive review in the context of scientific ML, refer to Psaros et al. (2023). The
topic has also started to increasingly gain attention in the climate literature (Barnes et al., 2023; Gordon &
Barnes, 2022; Guillaumin & Zanna, 2021; Haynes et al., 2023). In this study, we will assess the performance of
three common UQ methods (Bayesian, dropout, and variational NNs) by analyzing the relationships between
uncertainty and accuracy during inference. We will also consider scenarios involving OOD generalization errors
resulting from global warming.

OOD generalization is a major challenge for applications involving non‐stationarity, like a changing climate.
Studies have already shown that the lack of OOD generalization in data‐driven parameterizations leads to
inaccurate and unstable simulation (Chattopadhyay, Subel, & Hassanzadeh, 2020; Guan et al., 2022; Nagarajan
et al., 2020; O’Gorman & Dwyer, 2018; Rasp et al., 2018). One method for efficiently building NNs that perform
well for new systems/data is transfer learning (TL), which involves re‐training a few or all of the layers of an NN
using a small amount of data from the new system (Yosinski et al., 2014). This approach has already shown
remarkable success in helping data‐driven parameterization schemes to perform well across the parameter space
(e.g., to 100 ⇥ higher Reynolds number) in canonical test cases (Chattopadhyay, Subel, & Hassanzadeh, 2020;
Subel et al., 2021; Guan et al., 2023; Subel et al., 2023; C. Zhang et al., 2023). In particular, Subel et al. (2023)
introduced SpArK (Spectral Analysis of Regression Kernels and Activations) showing that re‐training even one
layer can successfully close the generalization gap of the NNs, although this optimal layer, unlike the rule of
thumb in the ML literature, may not be the deepest but the shallowest hidden layer (also see Pahlavan
et al. (2024)). Here, we further leverage these studies and show how TL can help with efficiently improving the
performance of data‐driven parameterization schemes in state‐of‐the‐art GCMs.

This study focuses on a case study: on the emulation of complex physics‐based GWP schemes in version 6 of the
Whole Atmosphere Community Climate Model (WACCM), a state‐of‐the‐art GCM (Gettelman et al., 2019). The
development of better representations of un‐ and under‐resolved GWs in GCMs is an important problem on its
own (Achatz, 2022; Alexander et al., 2010; Kim et al., 2003). Here, we use the emulations of current physics‐
based parameterization schemes as a stepping stone toward learning data‐driven parameterizations from obser-
vations and high‐fidelity simulations by testing ideas for addressing items 1–3 listed earlier. A number of recent
studies have taken the first steps in learning data‐driven GWP from observations and high‐resolution simulations
(Matsuoka et al., 2020; Amiramjadi et al., 2022; Y. Sun et al., 2023; Dong et al., 2023), though careful and time‐
consuming steps are needed in producing, analyzing, and using such data. Furthermore, three recent studies
focused on emulators of simpler GWP schemes in a forecast model and idealized GCM have readily shown the
usefulness of lessons learned from emulators (Chantry et al., 2021; Espinosa et al., 2022; Hardiman et al., 2023).
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This further motivates the focus on using emulators for testing ideas for addressing data imbalance, UQ, and OOD
generalization.

This paper is structured as follows. Section 2 introduces the WACCM simulations and the NN architectures used
in this study. Our findings, detailed in Section 3, emphasize the insights gained in addressing data imbalance and
UQ, alongside improving the performance of the emulators under warmer climate conditions. Consistent with
Chantry et al. (2021), we find that using an NN to emulate the parameterization of orographic GWs is significantly
more challenging than non‐orographic GWs. This necessitated additional steps to achieve reasonable perfor-
mance, as detailed in Section 4. To our knowledge, this stands as the first NN‐based emulation of orographic GWs
to address the challenges in Chantry et al. (2021). Finally, we provide a concluding summary in Section 5.

2. Data and Methods
2.1. The Whole Atmosphere Community Climate Model (WACCM)
NCAR's WACCM version 6, introduced in Gettelman et al. (2019), is used in this study. WACCM has state‐of‐
the‐art GWP schemes for GWs from three different sources: orography (OGWs), convection (CGWs), and fronts
(FGWs). These complex sources make the emulation of the GWP schemes in WACCM a challenging task. It is
thus, a suitable test case to investigate ideas for learning rare events and UQ. Emulation will benefit future efforts
of learning data‐driven GWP schemes from observations and/or high‐resolution GW‐resolving simulations
(Amiramjadi et al., 2022; Y. Sun et al., 2023).

The configuration of the WACCM used in this study is identical to the public version in Gettelman et al. (2019),
with a horizontal resolution of 0.95° ⇥ 1.25° and 70 vertical levels from the surface to 140, which includes ⇠20
levels in the troposphere, ⇠25 levels in the stratosphere, and ⇠25 levels in the mesosphere and above. The two
non‐orographic GWP schemes in WACCM both follow Richter et al. (2010), yet allow separate specifications of
FGW and CGW sources. For OGWs, WACCM uses an updated planetary boundary layer form drag scheme from
Beljaars et al. (2004), near‐surface nonlinear drag processes following Scinocca and McFarlane (2000), and a
ridge‐finding algorithm to define orographic sources based on Bacmeister et al. (1994). A full documentation of
WACCM OGWs can also be found in Kruse et al. (2022).

We conduct two sets of simulations: A 10‐year pre‐industrial “control” run, and a 10‐year pseudo‐global‐
warming “future” run with 4 ⇥ CO2 and uniform á4 K sea‐surface temperature increases. In each run, we
save, on the native grid, all the inputs and outputs for each of the three GWPs every 3 hr to capture the diurnal
cycle. A complete list of these inputs/outputs, which are used in the training of the NN‐based emulators, is
presented in Appendix A.

We train separate NNs for emulating the three GWP schemes that have different sources. We use the first 6 years
of the control run for training and the last 4 years for validation (years 7 and 8) and testing (years 9 and 10). With a
grid resolution of ⇠1°, there are 55,296 columns for each time snapshot, resulting in approximately 960 million
input/output columns during the 6‐year training period. Given the strong temporal correlation between the 3‐
hourly samples, we perform sub‐sampling on both the training and validation data to reduce the data set size.
To accomplish this, we begin by shuffling all the input/output column pairs in time at each latitude/longitude grid
point. Then, we randomly select 2,000 input/output pairs at each location for training and 500 pairs for validation.

To give the readers a general idea of the parameterized GWs and large‐scale circulation in WACCM, Figure 1
shows the zonal‐mean climatology for zonal GW drag/forcing, hereinafter referred to as GWD, arises from the
divergence of gravity wave momentum transport (fluxes), from all three sources, computed from the 6‐year
training period in the control run. Seasonal dependency for both the GWD and the circulation is observed in
the simulations. At levels below 100 hPa, the tendencies of non‐orographic GW are relatively small compared to
those from OGWs; however, their amplitudes increase significantly at higher altitudes. While the parameterized
effect of GWs is generally to decelerate the zonal flow, there are exceptions, notably in regions like the equa-
torward flanks of the stratospheric polar night jets, where FGWs can accelerate the flow. For more information on
the GWP schemes and the circulations of WACCM, see Garcia et al. (2017) and Gettelman et al. (2019).
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2.2. NN‐Based Gravity Wave Parameterization
2.2.1. The Deterministic Fully Connected NN
Here we briefly describe the general structure of the NN‐based regression models trained as emulators for GWP
schemes. For the deterministic artificial NN, denoted as ANN in this study, we use multilayer perceptrons (MLP).
MLPs, which are feedforward fully connected NNs, take inputs through successive layers of linear transformation
and non‐linear activation functions to produce an output, so as to learn a functional relationship between the input
and output (Figure 2a). Deep MLPs have multiple layers of weights, which are optimized over many samples of
input‐output data pairs. Such MLPs are thus very powerful in terms of learning complicated functional re-
lationships. Generally, we can write the governing equations of an MLP as

zℓ à σ�Wℓzℓ�1 á bℓ�, Ö1Ü

where zℓ is the activation (output) of layer ℓ, Wℓ is the weight matrix connecting layers ℓ and ℓ � 1, and bℓ is the
bias at layer ℓ, which allows the network to fit the data even when all input features are equal to 0. σ is the non‐
linear activation function.

Figure 1. Climatology of zonal‐mean GWD during summers (JJA) and winters (DJF) from all three sources in the control
(pre‐industrial) WACCM simulations. Top: CGWs; middle: FGWs; bottom: OGWs. The climatology of the zonal‐mean
zonal wind is also shown (gray lines), with an interval of 20 m/s. Dashed lines indicate negative values. Zero lines are
omitted.
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We employ the same NN structure while training three distinct NNs, each for GWP originating from one of the
three unique GW sources. The input layer contains the same input variables (see Appendix A) used by the
WACCM GWPs across all vertical levels. There are 10 hidden layers in total (Figure 2a), and there are 500
neurons in each hidden layer. In the output layer, both zonal and meridional GWD are predicted. The activation
function in each layer, σ, is chosen to be swish (Ramachandran et al., 2017), except for the output layer, where it is
linear. During training, Wℓ and bℓ are learned by minimizing a loss function using an ADAM optimizer, with a
fixed learning rate of α à 0.0001. One of the loss functions used here is the common MSE, that is,

LÖΘÜ à 1
n Xn

ià1
∥NNÖxi, ΘÜ � yi∥2

2 Ö2Ü

here, n is the number of training samples and ‖.‖2 is the L2 norm. For training sample i, vector xi contains all the
inputs to the NN (Appendix A), vector yi contains the true zonal and meridional GWD at each vertical level, and
Θ à fθjgjà1⋯p denotes the trainable parameters, that is, the weights and biases (p ≈ 3 ⇥ 106).

2.2.2. Normalization and Loss Function
Given the complexity of the GWD data set, different normalization methods are used in this study before the
training data is passed to the NN. The first method, dubbed “NORM1”, is the typical normalization used in ML

Figure 2. Schematics of the NN‐based emulators and different training/re‐training strategies used in this study. (a) Schematic
for the multilayer perceptron (MLP) and dropout neural network (DNN). The inputs of the NN are connected through
successive layers of neurons (blue circles) to the output (GWDs). A fully connected MLP NN is trained from randomly
initialized weights and biases, drawn from a Gaussian distribution, in all layers. A DNN is the same but some connections are
randomly eliminated during training and inference (black crosses). For transfer learning (TL), only some of the layers of a
previously trained MLP are re‐trained using new data. (b) Schematic for the variational auto‐encoder (VAE). A low‐
dimensional latent space is constructed and then used as the input for the additional fully connected NNs, which is similar to
the one in (a).
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practices. Norm1 calculates elemental means and standard deviations for each feature (i.e., input variable at a
given model level) and normalizes both inputs and outputs by these values (e.g., Espinosa et al. (2022)). With this
approach, the same relative changes in wind at each level are treated equally in the input. The loss function in
Equation 2 also penalizes the same relative error in GWD at each level equally. The second method, referred to as
“NORM2,” is designed with the physics of GWD in mind. For the velocity inputs and the tendency outputs
(GWD), each column is normalized by one single value, which is the largest standard deviation from all model
levels. Additionally, the mean values for these variables, are retained (e.g., unorm2(x, y, z, t) à u(x, y, z, t)/max(std
(u))). Unlike NORM1, the original wind and GWD profiles' structure is preserved in NORM2, and large GWD
values at certain heights maintain a relatively larger value after this normalization. For all other input variables,
NORM2 is identical to NORM1. Compared to NORM1, NORM2 places more emphasis on large GWD values
and penalizes the NN more for missing these significant tendencies. These two normalization methods are also
employed in Chantry et al. (2021), who found similar performance from these methods with the non‐orographic
GWPs.

To better address the data imbalance issue in these regression tasks, we further propose two approaches here:

1. Resampling the data (ReSAM): In this approach, we limit the number of training sample pairs with zero GWD
to be equal to the number of samples with non‐zero GWD. This significantly reduces the number of columns
with zero GWD, thus mitigating the data imbalance issue. Resampling methods have been well‐established in
the ML literature.

2. Weighted loss function (WeLoss): Instead of assigning the same weight to all sample pairs in the loss function,
we modify the weight for each column based on the probability density function (PDF) of its maximum GWD
amplitude. This adjustment allows us to re‐formulate the loss function defined in Equation 2 as

LÖΘÜ à 1
n Xn

ià1
∥Wi �NNÖxi, ΘÜ � yi ∥2

2 Ö3Ü

where

Wi à
1

PDF�max���yiÖzÜ
�� �� Ö4Ü

Note that, in practice, we lack knowledge of the precise PDF for the maximum GWD within each column.
Therefore, we employ a histogram with 20 bins as an alternative. These bins are equally spaced, and the last
bin contains all columns that have amplitudes greater than the 99th percentile. Given the fact that large‐
amplitude GW events are rare, the WeLoss approach incentivizes the NN to prioritize these significant events.

2.2.3. The UQ‐Equipped NNs
Although deterministic NNs are powerfully expressive and can exhibit high out‐of‐sample predictive skills, they
do not provide estimates of the uncertainty associated with their predictions. Currently, there is no rigorous
method to estimate the uncertainty of an NN prediction. That said, a variety of techniques have been developed for
UQ in NNs, though the validity and usefulness of the estimated uncertainty for scientific applications remain
subjects of ongoing investigations (e.g., Haynes et al., 2023; Psaros et al., 2023). In this paper, we use three
different and widely used approaches to perform UQ from the ML literature: Bayesian neural network (BNN),
dropout neural network (DNN), and variational auto‐encoder (VAE). A brief overview of these approaches is
provided below.

Bayesian neural network (BNN): A BNN combines the deterministic NN described earlier and shown in Figure 2a
with Bayesian inference (Blundell et al., 2015). Simply speaking, a BNN estimates distributions of the weights,
rather than point values (as in a deterministic NN). The posterior distributions in the BNN (i.e., the distributions of
the weights and biases) are calculated using the Bayes rule. In this study, we follow the standard practice and
assume that all variational forms of the posterior are normal distributions. Furthermore, to accelerate the training
process, we use the normal distribution NÖμ,1Ü for all the priors in the BNN (where μ is obtained from parameters
of the trained deterministic NN). Note that while we are assuming normal distributions for the trainable
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parameters, the predictions generated by BNN can fit different distributions due to the use of nonlinear activation
functions. The resulting distribution of the predictions during inference gives an estimate of their uncertainty.

Dropout neural network (DNN): A DNN is developed by randomly eliminating all outgoing connections from
some of the nodes (Figure 2a) in each hidden layer of a deterministic NN during the training and the inference
(Srivastava et al., 2014). The fraction of nodes “dropped” on average in each layer is called the dropout rate.
Mathematically, Equation 1 can be reformulated for a DNN as:

zℓ à σ�DℓWℓzℓ�1 á bℓ�, Ö5Ü

where the dropout matrix Dℓ is a square diagonal binary matrix of integers 0 or 1. The diagonal elements of Dℓ

follow a Bernoulli distribution where the probability of zero is the dropout rate.

Dropout was initially developed as a regularization technique to prevent over‐fitting in NNs. However, Gal and
Ghahramani (2016) showed that training an NN with the dropout technique approximates a Bayesian NN. In this
study, we use a dropout rate of 0.1, which is incorporated in all hidden layers, but we also investigate the
sensitivity of the DNN to different dropout rates, as later shown in Appendix B. Note that the random dropout is
also used during inference, resulting in a distribution for each prediction.

Variational auto‐encoder (VAE): A typical VAE (Kingma & Welling, 2014) consists of two NNs (Figure 2b): an
encoder that transforms the input into a lower‐dimensional latent space, parameterized by a normal probability
distribution, and a decoder that inverts this transformation and produces the original input. The difference be-
tween the decoder's output and the original input drives the learning process of the encoder and decoder, while the
parameterized lower‐dimensional latent space provides the uncertainty of this transformation. The VAE was
developed for generative reconstructions of data by simply drawing samples from the latent space. The VAE is
basically a dimension‐reduction method. Many variants, however, have been proposed for more specific pur-
poses. In this study, following Foster et al. (2021), we add a third NN, as illustrated in Figure 2b, that randomly
draws samples from the parameterized latent space as inputs, and predicts the zonal and meridional GWDs as
outputs. The difference between the predicted GWDs and the true GWDs drives the learning of the third NN.
Consequently, the loss for the entire network consists of three components: the loss between the reconstructed
input and the original input, the Kullback–Leibler (KL) divergence between the distribution of the latent space
and a normal distribution, and the loss between the predicted GWDs by the third NN and the true GWDs.

For a specific input, each of these three UQ methods discussed above can be run multiple times, generating an
ensemble of predictions with different realizations of the weights by drawing from the trained distribution. This is
in contrast to the deterministic NN that provides just a single‐valued prediction for a given input. These ensembles
can then be used to quantify the uncertainty associated with that prediction. We expect that the RMSE of the
ensemble mean should exhibit approximately a 1‐1 relationship with the ensemble spread (i.e., the standard
deviation of the ensemble members). To investigate this relationship, we use the spread‐skill plot (Delle Monache
et al., 2013). Detailed calculations behind the spread‐skill plot can be found in Appendix C, where we also
introduce two metrics: spread‐skill reliability (SSREL) and overall spread‐skill ratio (SSRAT), both of which
summarize the information presented in the spread‐skill plot.

2.3. Transfer Learning
Transfer learning refers to leveraging/reusing information (weights) from an already well‐trained base NN to
effectively build a new NN for a different system from which only a small amount of training data is available
(Chattopadhyay, Subel, & Hassanzadeh, 2020; Tan et al., 2018; Yosinski et al., 2014). For our purpose, which is
improving the performance of the NNs for a warmer climate, the TL procedure is as follows. For any of the NNs
described earlier (e.g., the one in Figure 2a), we train them from randomly initialized weights and biases, drawn
from a Gaussian distribution, with data from the control simulations. The NN will work well during inference for
test samples from the control but not from future (warmer climate) simulations (as shown in the Results section).
To address this, TL is applied wherein most of the NN's weights are kept constant, and only one or two hidden
layers are re‐trained using a limited data set from the future simulation. Although this small data set is insufficient
for training an entire NN from random initialization, careful and correct selection of hidden layers for re‐training,

Journal of Advances in Modeling Earth Systems 10.1029/2023MS004145

SUN ET AL. 8 of 27

 19422466, 2024, 7, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023M

S004145 by N
ew

 Y
ork U

niversity, W
iley O

nline Library on [10/09/2024]. See the Term
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons License



as discussed in Subel et al. (2023), allows the development of an NN that
accurately adapts to the new system, that is, the future climate conditions.

Here, we re‐train the NN‐based emulator that was initially trained on the
control data with new data from only 1 month (30 consecutive days) of
integration (1.4% of 6 years simulation for the initial training) of WACCM
model under future forcing (4 ⇥ CO2). We have explored different choices of
layers to re‐train with the same amount of new data and found that re‐training
the first hidden layer yields the best results, consistent with Subel
et al. (2023). Therefore, the results with only re‐training the first hidden layer
are shown in Section 3 unless stated otherwise.

3. Results
3.1. Data Imbalance
The physics‐based GWP schemes in WACCM will only be triggered when
their respective sources are active. For example, in a specific grid point,
CGWs only register non‐zero values when there is active convection there.
The heterogeneous and intermittent nature of these sources leads to a data set
that is significantly imbalanced. Figure 3 shows global maps of the occur-
rence frequency of non‐zero GWD for CGWs and FGWs. On average, only
7.6% of all WACCM columns yield non‐zero CGWs, primarily located in the
tropics. Similarly, for FGWs, only 8.5% of all columns have non‐zero outputs,
but unlike CGWs, the majority of these are located in mid‐to‐high latitudes,
particularly along the storm track region. For the OGWs in WACCM, data

imbalance presents an even greater challenge, to be discussed in a later section. While it is possible to simply
separate zero and non‐zero columns in WACCM with an additional NN first, this approach would fall short with
real‐world data, which is the main purpose of this study.

In addition, GWs exhibit significant intermittency, where a small portion of large‐amplitude GWs often domi-
nates the morphology of the observed global GW momentum flux distribution (Geller et al., 2013; Hertzog
et al., 2012). Therefore, it is crucial for NNs to not only accurately identify the columns that produce GWDs but
also to effectively learn and recognize rare and extreme GWDs. Figure 4 shows the performance of the emulations
for CGWs with the two normalization methods. When employing NORM1, the conventional approach seen in
prior ML practices, and also our initial attempts, the emulator's performance is poor. Although the NN dem-
onstrates some skill, its predictions tend to cluster around zero (Figure 4a). However, when the second
normalization method (NORM2) is employed (Figure 4c), the emulation results show significant improvement, in
contrast to the findings of Chantry et al. (2021). We attribute this improvement to the more pronounced data
imbalance in our data set, and it is likely a consequence of NORM2's emphasis on modeling the large GWD
values. Nonetheless, emulating the tail of the PDF (rare events) remains poor, as evidenced by the tails in
Figures 4b and 4d, primarily due to the predominance of zero GWD columns in the training data set.

When we apply the ReSAM approach to balance the training data set (after normalization with NORM1 or
NORM2), the emulation results significantly improve, as shown in Figure 5. In fact, when considering the R‐
squared value between the NN prediction and the ground truth, the ReSAM approach with NORM2 yields the
best results. However, as the training data set is still predominantly composed of zeros and small GWD values due
to the intermittence of the GWs, examining the emulation results for only large amplitude GW events (e.g., the top
0.1% in Figure 5b) reveals less satisfactory performance (R2 à 0.72). Regarding the WeLoss approach, it has a
more limited impact on improving the R‐squared value of the emulation (as shown in Figure 5c). However, it
proves valuable in capturing the tails of the PDF and, thus, rare events. Moreover, as ReSAM and WeLoss
represent distinct operations, they can be effectively applied simultaneously when training an NN. The result of
this combined approach for emulating the CGWs can be found in Figure 5d. While the R‐squared value for the
entire distribution only marginally changes (0.925 vs. 0.931) with ReSAM only, as shown in Figure 5, the
performance of the emulation for the tail part has been improved (R2 increased to 0.77).

Figure 3. Distribution of occurrence frequency for CGWs (top) and FGWs
(bottom) in the WACCM pre‐industrial control simulations, based on the
average of the 6‐year training data set.
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Similarly, Figure 6 presents the emulation results for the FGWs. The conclusions drawn for CGWs generally hold
true. However, data imbalance in FGWs is less pronounced compared to CGWs, which simplifies the task of
emulating FGWs. Even without any resampling or changes to the normalization (see Figure 6a), we achieve
reasonable emulation results (R2 à 0.9). One contributing factor is the wider spatial distribution of FGWs
compared to CGWs (refer to Figure 3). Additionally, the source of FGWs (frontogenesis function) in WACCM
exhibits a much more continuous nature compared to precipitation and diabatic heating. As the data imbalance
issue is less severe for FGWs, the performance with different normalization methods becomes more similar,
echoing findings from Chantry et al. (2021) who emulated non‐orographic GWs (including convective and frontal
GWs) together.

In summary, data imbalance can pose challenges when learning from data that closely resembles real‐world data
(further discussed in the subsequent section on emulating OGWs). Proper resampling techniques can significantly
enhance the NNs' performance by improving data set balance. Furthermore, modifying the loss function to
penalize the NNs more for missing extreme values can further improve performance at the tails of the PDF. For
the remainder of the paper, unless otherwise specified, we continue to employ the ReSAM approach and the
standard loss function with NORM2.

3.2. Uncertainty Quantification
As outlined in Section 2.2.3, we employ three different methods (i.e., BNN, DNN, and VAE) to quantify the
uncertainty of predictions during inference (testing). For this purpose, an ensemble of 1,000 members is generated
by running each UQ‐equipped NN 1000 times for each input from the testing set. Figure 7 presents sample
profiles of zonal GWD derived from the deterministic NN (ANN) and the three UQ‐equipped NNs, alongside the

Figure 4. Data imbalance for GWD due to CGWs and the emulation results with two different normalization methods. (a) A 2D histogram displaying the emulated and
true physics‐based GWD, with the training data set normalized using NORM1; (b) Distribution of the true GWD (black line) and the predicted values (blue line) with
NORM2. The scatter plot in the corner represents the tail for the negative values only, including points with top 0.1% absolute amplitudes; (c) Similar to (a), but for
NORM2; (d) Similar to (b), but for NORM2. The R2 uncertainty range is estimated by dividing the test data into 10 segments, calculating the metric for each segment,
and then computing the standard deviation (STD).
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true GWD profiles from WACCM. Note that these examples have not been used in the training or validation
process. It is evident from the figure that all three UQ‐equipped NNs show reasonable skill in predicting the
complex profiles of GWD due to CGWs and FGWs (also reflected in R‐squared in Table 1), albeit with a slight
decrease in accuracy compared to ANN. As discussed earlier, a valuable uncertainty estimate should correspond
closely with the NN's accuracy, providing insights into when to trust the NN's prediction during inference. Such a
relationship can be seen in a few randomly chosen GWD profiles that are shown in Figure 7. In each pair of CGW
and FGW profiles, the left column shows the estimated uncertainty is low when the prediction error is low,
indicating the NN's confidence in its accurate predictions. In contrast, the right column, which generally repre-
sents more complex profiles, exhibits the NN's less accurate predictions, and increased uncertainty, highlighted
by the wider confidence intervals.

While Figure 7 demonstrates the performance of the UQ methods for just a few GWD profiles, the spread‐skill
plots shown in Figure 8 offer a broader perspective based on 60,000 profiles, following the calculations detailed in
Appendix C. It is evident from the plots that all three UQ methods produce reasonably informative uncertainty
estimates, as their curves closely align with the 1‐to‐1 line. In the case of CGWs, all data points are above the 1:1
line, indicating a slight overconfidence (underdispersiveness) across all three UQ methods, with the DNN being
slightly closer to the 1‐to‐1 line. For the FGWs, the DNN demonstrates slightly better performance, although it
marginally drops below the 1‐to‐1 line in the first few bins, indicating a slight underconfidence. Notably, it can be

Figure 5. Similar to Figure 4, but for CGWs with the proposed ReSAM and WeLoss methods. (a) Distribution of the emulated GWD, similar to Figure 4b, but with
ReSAM applied; (b) Similar to (a), with training data normalized using Norm2; (c) Similar to (a), but with the WeLoss approach; (d) Similar to (b), after applying both
ReSAM and WeLoss methods simultaneously. Note that when ReSAM is used, resampling is applied to the training data only. The entire test data are used for the results
presented here.
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seen from the spread frequency inset that the vast majority of the data points are within the first few bins, for
which both spread and skill values are small, and they are generally closer to the 1‐to‐1 line.

It should also be noted that for the large values of model spread �SD� , there is only a very limited number of data
points, as is evident from the inset histograms. Consequently, the standard deviation (STD) can become a
misleading measure of spread because of the non‐normal distributions.

To summarize the quality of the spread‐skill plots for the three UQ methods, we explore the metrics introduced in
Section 2.2.3 and Appendix C (see Table 1). The R‐squared value for the ensemble mean prediction is also given
to show the accuracy of each UQ method. Based on SSREL, whose ideal value is zero, BNN shows the best
performance for both CGWs and FGWs. However, if we check SSRAT, where 1 is the optimal number, DNN is
the best among these three methods. This discrepancy can be explained by a closer look at Equations C2 and C3.
SSREL, which is a bin‐weighted average difference, is most sensitive to the performance of the NN in the first
bin, where the vast majority of the data points are located (see the inset histograms in Figure 8), while SSRAT is
more influenced by larger values of spread and skill. Accordingly, the VAE shows the highest values of SSREL,
which is indicative of its sub‐optimal performance in the first bin, where there are small values of spread and skill.

In the results presented in Figure 8 and Table 1, each height level of a GWD profile is considered as an individual
sample. A zonal GWD profile, with its 70 vertical levels, thus constitutes 70 distinct samples. While analyzing
these samples offers insights into the NN's overall performance by averaging statistics across numerous profiles,
our primary interest is often in the uncertainty associated with an individual GWD profile. This uncertainty can
then aid in determining whether to trust/use the NN's prediction for that particular GWD profile. Therefore, we

Figure 6. Emulation results for GWD due to FGWs with two different normalization methods, along with the proposed ReSAM and WeLoss methods. (a) Distribution of
the GWD with NORM1; (b) Similar to (a), with training data normalized using Norm2; (c) Similar to (b), with the ReSAM approach applied; (d) Similar to (b), after
applying both ReSAM and WeLoss methods simultaneously.
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use Equation C4 to assess the relationship between uncertainty and test ac-
curacy for each GWD profile. Furthermore, to estimate uncertainty, here we
use the interquartile range (IQR) to reduce the influence of outliers.

Figure 9 shows the Gaussian kernel density of spread against RMSE for all
60,000 profiles, as indicated by the color shading. The x‐axis represents the
IQR of each GWD profile, while the y‐axis denotes its corresponding RMSE.
A nearly perfect NN would yield all predictions located around (0,0), that is,
high accuracy and high confidence. Should the NNs have prediction errors
(on the ‐axis), we anticipate they also indicate proportional uncertainty. As

Figure 7. Sample profiles of zonal GWD as predicted by various NNs, as indicated. The true profile is shown by the black
line, while the blue solid line represents the mean of 1,000 ensemble members. The shaded region indicates the 95%
confidence interval. In each pair of CGWs and FGWs profiles, the left column provides examples with low estimated
uncertainty, corresponding to instances of low error. Conversely, the right column illustrates cases with high uncertainty
when the error is high.

Table 1
Evaluation Scores for the Three UQ Methods

CGWs FGWs
BNN DNN VAE BNN DNN VAE

SSREL (1e�4) 1.29 1.48 2.14 1.20 1.69 5.21
SSRAT 0.73 0.82 0.72 0.69 0.93 0.69
R‐squared 0.90 0.86 0.87 0.94 0.92 0.89
Note. See Section 2 for more details.
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Figure 8. Spread‐skill plot for GWD due to (left) CGWs, and (right) FGWs. The diagonal 1:1 line represents the perfect spread‐skill line. Points above (below) this line
correspond to spread values where the model is overconfident (underconfident). The inset histogram shows how often each spread value occurs. See Appendix C for a
detailed discussion on the calculations of the spread‐skill plot.

Figure 9. Gaussian kernel density for spread, defined as interquartile range (IQR) versus RMSE for (top) CGWs, and (bottom) FGWs, when validated against out‐of‐
sample data from the current climate (color shading) and out‐of‐distribution data from the future, warmer climate (black lines). The gray (1:1) line serves as a reference.
A quasi‐proportional relationship between the uncertainty (x) and the RMSE (y) is expected for a UQ‐equipped NN. Additionally, we anticipate a well‐performing UQ‐
equipped NN to adhere to the same relationship across various climates. Results are shown for BNN (left), DNN (middle), and VAE (right). All NNs are exclusively
trained on data from the current (control) climate.
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shown in Figure 9, a strong correlation between the IQR and RMSE is observed across all three UQ methods when
validated for the current climate. Consequently, GWD profiles with larger uncertainties often coincide with larger
errors. Figure 9 also shows a closer similarity between BNN and DNN. In contrast, VAE tends to provide
marginally larger uncertainties, especially for FGWs. This is consistent with VAE's slightly reduced accuracy as
indicated in Table 1. Overall, given the monotonic relationship between the uncertainty and test error, these
results show that all three UQ methods provide useful and informative uncertainty for within‐distribution test
samples. A user can set a threshold on uncertainty based on their tolerance for error (RMSE) and decide whether
they trust the NN for a given input sample.

We discussed the performance of the UQ methods based on the testing data, that is, data from the current climate.
However, the effective performance of UQ methods can also be tested (perhaps more meaningfully) on OOD
data, for example, data from a warmer climate. This is particularly relevant for climate change studies. If a UQ‐
equipped NN works properly, we should expect to observe a consistent relationship between uncertainty (on the ‐
axis) and prediction error (on the y‐axis) across different climates. Accordingly, we evaluate the performance of
these trained NNs with input data from the future climate, as depicted by the black lines in Figure 9. For FGWs,
the spread‐skill relationship remains largely similar, especially for BNN and DNN. This suggests that, based on
their uncertainties, we can still reliably estimate the error in the NN predictions for FGWs for the warming
climate. A similar pattern is observed for the VAE, though it exhibits increased uncertainties and higher errors
with OOD data. As shown in a later section, for FGWs, the NNs generalize to the warmer climate without any
further effort.

In contrast, for CGWs, given the same level of uncertainty, the error in NN predictions increases significantly for
the OOD data compared to that from the current climate, which means the spread‐skill relationship, especially for
the BNN and DNN, fails to generalize to the OOD data. From this perspective, VAE performs better, showing that
for the same level of uncertainty, the increase in error is not as substantial as in BNN and DNN. The VAE also
yields considerably higher uncertainty estimates for future climate, which may aid in the detection of OOD data.
The observed discrepancies in the performance of the NNs for CGWs and FGWs hint at different levels of their
generalizability, a topic we will delve into more deeply in the following subsection.

In summary, while the three UQ methods provide credible and valuable uncertainty estimates for the current
climate, the BNN and DNN are confidently wrong in estimating CGWs in a warmer climate although VAE shows
some promising results. This problem is common among various UQ techniques as pointed out in the ML
literature: they frequently show overconfidence when assessed with OOD data (e.g., Ovadia et al., 2019). The
optimal UQ method selection depends on the specific metric of interest and the intended application. While BNN
is more broadly used in the literature and gives the best accuracy, DNN could achieve similar performance and is
often more practical given its simplicity. On the other hand, VAE seems to perform better when applied to OOD
data, at least in the one test case here. These observations warrant further research in the future using multiple test
cases and climate‐relevant applications. We also note here that each method has multiple tuning hyperparameters
to optimize its uncertainty quantification. Consequently, the discrepancies among the three methods could
potentially be mitigated with proper hyperparameter tuning, as discussed in Appendix B.

3.3. Improving the Performance of the NNs in a Warmer Climate
The GWP schemes in WACCM are coupled to sources that may change in a warmer climate. Specifically, under
4 ⇥ CO2 forcing, we expect changes in both the amplitude and the phase speed distribution of GWs, in particular
for the CGWs, due to their built‐in sensitivities to changes in the convection. Consequently, the physics scheme in
WACCM produces slightly stronger GWD for CGWs, especially in the tail of the distribution. This intensified
GWD results in a shorter quasi‐biennial oscillation (QBO) period in WACCM. However, it is important to
recognize that the response of the QBO to climate change differs across various general circulation models
(Richter et al., 2022).

The intensification of the CGWs in future climate simulations presents an opportunity to study how NNs handle
the OOD data. Our findings in the UQ section already suggest increased prediction errors when testing NNs with
OOD data, which raises concerns about their applicability in climate change studies. To more thoroughly
investigate this issue, we conduct additional evaluations on our ANNs, by applying them to data samples from
future climate simulations, as illustrated in Figure 10. It is clear that the ANN for the CGWs does not generalize
well, evidenced by a decrease in R2 from 0.93 to 0.79. The ANN particularly struggles to capture the increase in
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GWD in the tail, with R2 for the tails decreasing from 0.72 to 0.36. As a result, it seems unlikely that this emulator
will accurately reproduce changes in the circulation under different climate conditions, such as the shorter QBO
period resulting from future warming in WACCM.

In contrast to CGWs, the amplitude of FGWs shows a less marked increase in the future climate, and their PDF
distribution closely resembles that of the control simulations. As a result, the ANN demonstrates better gener-
alizability for FGWs when it is tested against future climate data, as seen in Figure 10d. There is only a slight
decrease in the ANN's performance, with R2 dropping from 0.97 to 0.95.

When applied across two distinct systems, two factors can contribute to the considerable OOD generalization
errors in an NN. First, the input‐output relationship might vary between the two systems. Second, the input or
output variables in the new system could originate from a distribution different from that of the original system

Figure 10. NN performance for pre‐industrial and warming scenarios for different sources (a,c,e,f: CGWs; b,d: FGWs). (a) PDF of GWD due to CGWs in WACCM
simulation and the predicted CGWs using NN emulator. The scatter plot shows points for the tail part of the negative values only. (b) Similar to (a), but for FGWs.
(c) Similar to (a), but for the warming scenario. (d) Similar to (b), but for the warming scenario. (e) Similar to (c), but after applying transfer learning to the first hidden
layer of the NN with 1‐month WACCM simulation data under a warming scenario (⇠1% of the size of the training data). (f) Similar to (e), but with the weighted loss
function used when we conduct transfer learning (WeLoss).
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(regardless of whether the input‐output relationship remains the same or changes). The former is hard to quantify
in a high‐dimensional data set. The latter can be quantified using similarity distances. To help us better understand
these differences between the generalizability of our emulators for CGWs and FGWs, we assess the similarity
between their input and output data distributions from control and future climate simulations using the Maha-
lanobis distance (D). The Mahalanobis distance measures the distance between a data point and a distribution
(Ling & Templeton, 2015). Specifically, it is a multi‐dimensional generalization of the idea of measuring how
many standard deviations away a point is from the mean of the distribution. The application of Mahalanobis
distance in understanding the source of OOD generalization errors in data‐driven parameterization was previously
demonstrated in Guan et al. (2022) for a simple turbulent system.

To use the Mahalanobis distance, we first calculate the mean and covariance matrix of the training data from the
control run. We then analyze the distribution of Mahalanobis distances in this training data, setting a baseline
value, referred to as Dctrl. This baseline is the average distance for data points that deviate by more than 3 standard
deviations from the mean. This choice aims to focus on outliers for which extrapolation is more challenging.
Following this, we apply the same process to the data points in the future climate data set, denoted as Dwarm.
Table 2 presents the ratio of Dwarm for the warming scenario to Dctrl for the control scenario for selected variables.
When this ratio is close to 1.0, it suggests minimal changes in this variable's distribution under a warming
scenario. Note that the NNs trained based only on these variables demonstrate performance comparable to NNs
trained on all variables (not shown), which is why we only focus on these few key variables.

The results reveal that among the various variables significantly contributing to the emulation of CGWs, diabatic
heating (source of CGWs) exhibits dramatic changes from the control to the warmer climate, which possibly leads
to substantial changes in zonal and meridional GWDs. Conversely, changes in variables used to emulate FGWs
are considerably smaller. This outcome suggests that the likely reason for the better generalizability of FGWs is
that the input distribution remains almost unchanged (and the input‐output relationship, which is the physics
scheme, remains the same too).

To improve the performance of the emulator for CGW under 4 scenario, we explore TL, a technique discussed
earlier and proven to be a powerful tool in modeling canonical turbulent flows (e.g., Guan et al., 2022; Subel
et al., 2023). Rather than re‐training the entire NN for future climate scenarios, we only re‐train, following Subel
et al. (2023), just a portion of the NN, thereby requiring only a small fraction of the data. Figure 10e showcases the
emulation results after re‐training only the first hidden layer of ANN using data from the first month of the
WACCM simulation in the 4 ⇥ CO2 scenario, which amounts to approximately 1% of the original training data
set. After applying TL, the performance of the emulator in the warming scenario significantly improves, with R2

rising from 0.79 to 0.91, nearly matching its performance in the control simulations (R2 à 0.93). However, the
improvement in the PDF tails is less pronounced, showing only a modest increase in R2 from 0.36 to 0.51. This is
likely due to the limited number of large‐amplitude GW events within the 1‐month period. Instead of using more
data from the future climate (which is challenging to obtain in a realistic situation), we leverage the WeLoss
approach, described earlier, during re‐training. This modification results in a significant improvement in the tail,
with R2 increasing from 0.51 to 0.68. Note that this improvement in the tail is critical, as inadequate learning of
these rare but large‐amplitude GWDs can result in significant errors and instabilities.

During the TL experiments, we examined the effects of re‐training each individual hidden layer of the NN. Our
findings indicate that re‐training the first layer yields the best results, which aligns with the findings in Subel
et al. (2023). The first layer acts to directly transform the inputs. Previous study has also found that transforming
both the inputs and outputs could improve generalization between climate models (Beucler et al., 2024). Re‐
training the last layer only brings marginal improvements to the NN (not shown). Notably, our experiments

Table 2
Change of Mahalanobis Distance Between the Current and Future Climate, Based on the Ratio of the Average Distance of the Points That Are More Than Three
Standard Deviations Away From the Mean

Variables u v T Source (diabatic heating for CGWs, frontogenesis for FGWs) Zonal drag Meridional drag
Ratio (Convection) 1.03 1.00 1.19 3.62 1.42 1.44
Ratio (Front) 1.03 0.96 1.50 1.10 1.14 0.97
Note. The calculation is done for u, v, T, and source function in the training data only, as they contain most of the information needed for the NN.
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involving re‐training the first two layers did not result in further performance enhancements, suggesting that the
number of neurons is not the primary factor contributing to the varied performance observed when re‐training
different layers.

Similar results regarding TL are also observed with other NNs used in this study. For instance, Figure 11 presents
the same plot as Figure 10, but for the BNN. It is evident that BNN also struggles with generalization to OOD
data, as could also be interpreted based on the results presented in Section 3.2. It is also the case for DNN and
VAE (not shown). Overall, when these NNs are tested against the 4 ⇥ CO2 future climate data, their accuracy is
not better than the deterministic ANN. However, methods with UQ, especially the VAE (see Figure 9), could
potentially indicate the increased uncertainty when testing with input data from the 4 ⇥ CO2 integration. These
results underscore the necessity of re‐training the NNs using TL.

Figure 11. Panels (a)–(e) are similar to those in Figure 10 but for BNN. Panel (f) shows emulation for FGWs under the warming scenario after applying transfer learning
to the first hidden layer of the BNN.
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4. Emulation of Orographic GWs (OGWs)
Similar to Chantry et al. (2021), our initial attempts to emulate OGWs did not succeed, primarily due to the
presence of a pronounced data imbalance. Notably, the physics‐based scheme responsible for OGW generation
operates exclusively over terrestrial regions. However, it is surprising that the issue of data imbalance continues to
persist, even when we limit our NN training and testing exclusively to columns located over land (Figure 12a).
Still, the emulated OGW drag often remains close to zero and completely fails to predict the rare events
(Figure 12b), which poses a considerable hurdle for the emulator's performance. Further investigations reveal that
the key to this problem lies in the highly localized nature of orographic GWD, where significant drag is observed
only at a handful of specific locations. Furthermore, even within these limited regions, GWD exhibits a significant
intermittent behavior. To help our understanding, we also conducted a K‐means clustering analysis, categorizing
GWD data for all land‐based columns (Table 3). Among the 6 clusters, cluster 4 accounts for a staggering 97.51%
of the data set. Remarkably, all samples within this cluster exhibit exceptionally weak orographic GWD, as
evidenced by the cluster center's maximum GWD amplitude, which is two orders of magnitude smaller than that
of other clusters.

Figure 12. Performance of the emulator for OGWs when trained with all columns over land (panel (a) and panel (b)) and
balanced training data with a balanced number of large‐drag columns (column maximum >1 STD of all GWD from OGWs)
and small‐drag columns (panel (c) and panel (d)).

Table 3
Clustering Analysis for OGWs

Cluster Frequency (%) in the training data Maximum GWD amplitude of cluster center
c1 0.18 8.7 e�3 m/s2

c2 0.13 4.4 e�3 m/s2

c3 0.93 3.6 e�3 m/s2

c4 97.51 2.8 e�5 m/s2

c5 0.15 2.1 e�3 m/s2

c6 1.10 4.3 e�3 m/s2

Note. Analysis is done for all columns over land in the training data.
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To overcome this persistent data imbalance in the OGWs, we first separate all columns over land from the 6‐year
simulation into large‐drag columns (with column maximum greater than one STD of all GWD from OGWs, 6.1%
of all columns) and small‐drag columns (93.9% of all columns). We then perform subsampling on the small‐drag
group only to create a more balanced data set. Figures 12c and 12d illustrate the performance after re‐balancing
the data set. Notably, the result represents a substantial improvement, evidenced by an R2 increase from 0.29 to
0.80, and also a significant improvement in the accuracy for rare events. While we acknowledge that this skill
remains lower than what is achieved for CGWs and FGWs, it already signifies a reasonable NN. Furthermore, we
posit that by incorporating additional training data (either by extending the WACCM model integration or simply
augmenting the data with the OGWs scheme only), we can further improve our emulation results. The possibility
of achieving superior emulation outcomes through the adoption of an alternative NN architecture is also possible,
although such exploration is beyond the scope of this paper.

5. Summary and Discussion
Through the emulation of complex gravity wave parameterizations in a state‐of‐the‐art atmospheric model
(WACCM), we have elucidated and explored solutions for three critical challenges in the development of ML‐
based data‐driven sub‐grid scale schemes for climate applications: data imbalance, uncertainty quantification
(UQ), and transfer learning for different climates. A brief summary is provided below:

1. In the presence of non‐stationary, and highly imbalanced data sets, such as those encountered in WACCM,
specialized approaches (e.g., resampling and weighted loss function) are essential to enhance the performance
of data‐driven models. Through resampling, we have successfully trained a robust NN emulator for OGWs, a
challenging task as demonstrated in Chantry et al. (2021). The effectiveness of the trained emulator is also
significantly influenced by the choice of the loss function used during training. In our case, while a weighted
loss function (WeLoss) does not improve the overall R2 score, it yields significant improvements in the
emulation results for the PDF tails of the GWD. This finding aligns with those in Lopez‐Gomez et al. (2022),
where their custom loss function, tailored to emphasize extreme events, led to substantial improvements in
predicting heatwaves.
We acknowledge that the challenges associated with learning from observational or high‐resolution data may
not directly align with those we have encountered in our emulation of CGWs and FGWs, given the ubiquity of
GWs in the real world. Nevertheless, the core differences are not substantial. The issue of data imbalance—
prevalent in our work—would be equally, if not more, challenging in the context of observational GWs.
Observed GWs, characterized by their intermittent nature, exhibit a pronounced data imbalance: the preva-
lence of small‐amplitude GWs contrasts starkly with the rare yet critical large‐amplitude events. In such
circumstances, simply eliminating zero‐drag columns may prove inadequate to address this challenge, as
demonstrated in our emulation of OGWs in this study. Moreover, it is important to note that the challenges of
data imbalance, particularly concerning large amplitude and rare events, extend to the subgrid‐scale modeling
of other atmospheric processes. The methodologies and solutions we have presented hold promise for miti-
gating similar challenges in these areas as well.

2. All three UQ methods employed in this study provide reasonable uncertainty estimates for GWD prediction for
the current climate. The spread‐skill plots (refer to Figures 8 and 9) indicate that greater uncertainty corre-
sponds to a larger prediction error. Yet, the reliability of UQ methods diminishes when they are challenged
with OOD data. Both BNN and DNN used in this study tend to be overconfident in estimating CGWs in a
warmer climate, thereby struggling to identify OOD samples. The VAE, on the other hand, yields rather
promising results in providing useful UQ for OOD data. Given the variations in different methods, the metrics
selected to assess the SGS model will play a significant role in determining the choice for the UQ methods. We
also note that further optimization of tunable parameters within each UQ method could affect their perfor-
mance (refer to Appendix C).

3. Our findings highlight the challenges SGS schemes face in generalizing to OOD data. For CGWs in WACCM,
the physics‐based scheme exhibits larger GWD under 4 ⇥ CO2 forcing, primarily due to an increase in diabatic
heating from convection. The emulator, trained with data from the historical CO2 forcing only, fails to
reproduce this change when it is applied directly. Nonetheless, with only 1 month of simulation data from this
future warming scenario (representing approximately 1% of the original training data set), we successfully
improve the performance of the emulator under warming scenario through re‐training its first hidden layer,
following the findings of Subel et al. (2023). This approach proves particularly useful in cases where a library
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of high‐fidelity simulations includes one extensive simulation of the current climate and numerous shorter
simulations representing future climates under different climate change scenarios. Additionally, we have
illustrated the value of metrics like the Mahalanobis distance in assessing the potential OOD generalizability
of NNs.

We would like to emphasize that these challenges are often intertwined. For instance, addressing data imbalance
in CGWs is a prerequisite for obtaining an accurate NN model, which, in turn, impacts UQ and generalizability
assessments. Moreover, there exists a strong link between UQ and generalizability evaluations: if the NN per-
forms poorly with OOD data, the reliability of UQ for such data (e.g., data from a warmer climate) also becomes
questionable. This presents a substantial challenge for UQ methods, especially in climate change research, where
reliable UQ methods are crucial.

This study has primarily focused on offline skill assessment. We acknowledge that good offline performance (at
least in terms of common metrics such as R2) is not a sufficient indicator for stable and accurate online (coupled to
climate model) performance (Guan et al., 2022; Ross et al., 2022), although it is a necessary first step. More strict
metrics, such as R2 of the PDF tails, may better connect the offline and online performance (Pahlavan et al., 2024).
The purpose of this study was to provide a testbed to test ideas for data imbalance, UQ, and transfer learning,
which can be addressed with offline assessment. A key obstacle to providing online results is how to efficiently
couple deep NNs with complex climate models (e.g., WACCM). This is a work in progress, requiring software,
and potentially, even hardware development.

Emulating complex GWPs within WACCM provided a unique opportunity to address three critical challenges in
developing ML‐based, data‐driven SGS schemes for climate science applications. However, it is crucial to
acknowledge that such emulated schemes essentially adopt the limitations inherent in the physics‐based schemes.
The next step is to harness high‐resolution data from GW‐resolving simulations, which are carefully validated
against observational data. A library of such high‐resolution simulations, notably convectively generated GWs
using the Weather Research and Forecasting (WRF) model, is now established (Y. Sun et al., 2023), alongside
additional global high‐resolution simulations (Köhler et al., 2023; Polichtchouk et al., 2023; Wedi et al., 2020).
The next phase involves integrating the approaches outlined in this study with the data from these GW‐resolving
simulations to develop a stable, trustworthy, and generalizable data‐driven GWP scheme. Such a scheme could
then overcome the limitations of physics‐based GWPs and potentially incorporate features such as the transient
effect (Bölöni et al., 2021; Kim et al., 2021) and lateral propagation of GWs (e.g., Sato et al., 2009)—marking a
significant advancement toward next‐generation GWP schemes.

Appendix A: Input/Output Variables for the Physics‐Based GWP Schemes and Their
Emulators
We use the exact same inputs as those of each GWP scheme in the WACCM for the training of the NN‐based
emulator of that scheme. These inputs are listed in Table A1. As for the outputs, we only consider the zonal
and meridional drag forcings. The GWPs in WACCM also estimate additional effects of the GWs that result in
changes in temperature profile and vertical diffusion. These outputs are not considered in our emulations.

From Table A1, one can guess that some input variables are correlated with each other. Consequently, it is
plausible that the trained NNs may have spurious connections. Preliminary tests further support this notion,
indicating that employing only u, v, T, and the forcing function as inputs yields comparable offline skill (results
not presented here).
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Appendix B: Tuning UQ‐Equipped NNs
In addition to the hyperparameters of the deterministic NNs, designing an architecture for UQ often demands
additional hyperparameter optimization. For instance, for the DNN, decisions need to be made regarding the
number of neurons to drop out (dropout rate). While less common, one can also choose whether to apply dropout
to all hidden layers or only selected ones. Variations in the dropout rate and the layers to which dropout is applied
can influence the final configuration and performance of the DNN. Figure B1 illustrates these effects. As we
increase the number of dropped neurons (whether through a higher dropout rate or by subjecting more layers to

Figure B1. Similar to Figure 9 but for DNN only with different dropout rates, which are applied to different numbers of hidden layers.

Table A1
List of the Input and Output Variables for the NNs Trained as Emulators of the GWP Schemes in WACCM

GWP
Input

OutputPressure levels Surface level Forcing
CGWs u(70), lat (1), diabatic heating (70) zonal drag
FGWs v(70), lon (1), frontogenesis GWDx (70),

T(70), Psurface (1), function (70) meridional drag
OGWs z(70), mxdis (16), GWDy (70),

ρ(71), hwdth (16),
Brunt–Väisälä frequency N (70), clngt (16),
dry static energy DSE (70) angll (16),

anixy (16),
Note. The numbers in parentheses in front of each variable are the number of vertical levels for that variable. Note that each
input and output is a 1D column at a given latitude/longitude grid point. Diabatic heating in WACCM is provided by the
cumulus scheme. The topography variables listed in the table are mxdis (height estimates for ridges), hwdth (width of ridges),
clngt (length of ridges), angll (orientation of ridges), and anixy (anisotropy of idges).
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dropout), the uncertainty in the DNN predictions tends to rise. Yet, there is a persistent pattern in the relationship
between spread (IQR) and RMSE across the various plots in Figure B1. Specifically, as spread increases, RMSE
concurrently grows, consistent with the insights highlighted in Figure 9.

In the case of BNN or VAE, even though there is no dropout rate, there are distinct tuning opportunities available.
For instance, with the VAE, one might consider applying dropout to the NN emulator. Moreover, given that the
loss function in VAE comprises three components, decisions can be made regarding which component to penalize
more heavily, allowing for nuanced adjustments to its performance.

Appendix C: The UQ Metrics
As introduced in the main text, an ensemble of 1,000 members is generated for each profile to quantify the NN
prediction's uncertainty. Therefore, for each prediction, we can calculate the standard deviation of the 1,000
members as the ensemble spread. To derive the spread‐skill plot, we first separate the spread using a pre‐selected
number of equally spaced bins (a subjective choice of 15 is used here). Then for the kth bin:

8>>>>>>>>>>>><>>>>>>>>>>>>:

RMSEk à " 1
Nk

XNk

ià1�byi � yi�2#1
2

SDk à
1

Nk
XNk

ià1" 1
M � 1XM

jà1�yi � yij�2#1
2

yi à
1
MXM

jà1 yij

ÖC1Ü

byi is the observed value for the ith example, yi is the mean prediction for the ith example, yij is the jth prediction for
the ith example (1 ≤ j ≤ 1000 in this study), Nk is the total number of examples in the kth bin, and M is the
ensemble size. Following Haynes et al. (2023), we summarize the quality of the spread‐skill plot by two measures:
spread‐skill reliability (SSREL) and overall spread‐skill ratio (SSRAT). SSREL is the bin‐weighted mean dis-
tance from the 1‐to‐1 line:

SSREL à XK

kà1

Nk
N jRMSEk � SDkj ÖC2Ü

where N is the total number of examples, K is the total number of bins, and other variables are as in Equation C1.
SSREL varies from [0, ∞), and the ideal value is 0. On the other hand, SSRAT is averaged over the whole data set:

SSRAT à SD
RMSE ÖC3Ü

SSRAT also varies from [0, ∞), and the ideal value is 1. SSRAT > 1 indicates the model is under‐confident on
average, while SSRAT < 1 indicates that the model is overconfident on average.

In Equation C1, each level of a GWD profile is considered as an individual sample. As discussed earlier, while
these samples help assess the model's overall performance, our interest is often the uncertainty of individual GWD
profiles. Such uncertainty could inform the trustworthiness of the model's prediction for that specific profile.
Accordingly, in addition to the metrics described in Equations C1–C3, for each profile we can also compute:
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where Nz is the number of vertical levels for each profile, and IQRprofile is its interquartile range: yz,25th corre-
sponds with the 25th percentile, and yz,75th corresponds with the 75th percentile.

Data Availability Statement
The data for all the analyses in the main text are available at Zenodo https://zenodo.org/records/10019987 (Y. Q.
Sun, 2023). The emulator code is available at https://github.com/DataWaveProject/newCAM_emulation
(DataWave, 2024).
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