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Key Points:

e Regression-based downscaling methods struggle to capture extreme events and poorly
preserve important climate statistical measures.

e Generative Adversarial Networks outperform regression-based methods, but their
skill is very sensitive to the selection of hyperparameters.

e Using constraints in the Generative Adversarial Network’s loss function improves its
robustness and skill of across a wide range of metrics.
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Abstract

Anticipating climate impacts and risks in present or future climates requires
predicting the statistics of high-impact weather events at fine-scales. Direct numerical
simulations of fine-scale weather are computationally too expensive for many uses. While
regression-based (deep-learning or statistical) downscaling of low-resolution climate
simulations is several orders of magnitude faster than direct numerical simulations, it suffers
from several limitations. These limitations include the tendency to regress to the mean, which
produces excessively smooth predictions and underestimates the magnitude of extreme
events. Additionally, they also fail to preserve statistical measures that are key for climate
research. We use a conditional GAN (c-GAN) architecture to downscale daily precipitation
as a Regional Climate Model (RCM) emulator. The c-GAN generates plausible residuals on
top of the predictable expectation state produced by a regression-based DL algorithm. The
skill of c-GANsS is highly sensitive to a hyperparameter known as the weight of the
adversarial loss (4,4, ), and the value of 4,4, required for accurate results varies with season
and performance metric, casting doubt on the robustness of c-GANSs as usually implemented.
But, by applying a simple intensity constraint to the loss function, it is possible to obtain
robust performance results across 4,4, spanning two orders of magnitude. C-GANSs are
considerably more skillful in capturing climatological statistics including the distribution and
spatial characteristics of extreme events. We expect c-GANs with this modification to be
readily transferable to other problems and time periods, making them a useful weather
generator for representing extreme event statistics in present and future climates.

Plain Language Summary

Climate projections produced by Global Climate Models (GCMs) have a typical
resolution of 100-200km, which is too coarse for studying climate impacts at regional scales.
Dynamical downscaling involves running a Regional Climate Model (RCM) to simulate
physical processes that are not resolved at the resolution of GCM, enabling high-resolution
climate projections for studying localized climate change impacts. However, RCMs are
computationally expensive, limiting both the number of GCMs that can be downscaled and
estimates of uncertainty. Deep learning (DL) methods offer a promising, cost-effective
alternative to RCMs, and recent studies have emulated certain aspects of RCMs at a fraction
of the computational cost. Generative DL algorithms such as Generative Adversarial
Networks (GANs) appear to show promise in accurately emulating RCMs, but their training
instability and inconsistent performance across climate contexts raises concerns about their
robustness for downscaling climate projections. Here we develop and introduce a simple
technique to improve the stability in GAN performance across a wide range of training
configurations. This improves robustness and utility in broader climate applications.
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1. Introduction

The coarse spatial resolution of Global Climate Models (GCMs) limits their ability to
simulate climate changes at regional and local scales, where the impacts of climate change
are most directly experienced (Benestad, 2004, 2010; Fowler et al., 2007; Maraun, 2016;
Maraun et al., 2010). Dynamical downscaling aims to address this resolution issue by
capturing finer-scale aspects of mesoscale circulation and regional climate across different
landscapes such as mountain ranges, valleys, and coastal boundaries (Feser et al., 2011;
Gensini et al., 2023; Giorgi et al., 1994; Hoogewind et al., 2017; Jones et al., 1995; Liu et al.,
2017; Prein et al., 2015; Xu et al., 2019). Dynamical downscaling typically involves running
a Regional Climate Model (RCM) from the lateral boundary conditions of a GCM. A major
drawback of RCMs is their high computational cost, which today limits their spatial
resolution to scales of 12-50km when run operationally in Coordinated Regional climate
Downscaling Experiment (CORDEX) type experiments (Giorgi et al., 2009). Additionally,
the computational cost of RCMs limits the number of GCMs that can be downscaled.
Consequently, this small number of downscaled GCMs means that model structural and
internal variability uncertainty are under sampled in regional climate projections, despite its
known importance on regional scales (Deser et al., 2012; Deser & Phillips, 2023; Gibson et
al., 2024; Hawkins & Sutton, 2009, 2011).

Recently, computationally efficient statistical/empirical algorithms have been explored
for RCM emulation, including simple multiple linear regression (Holden et al., 2015),
multilayer perceptron (Chadwick et al., 2011; Hobeichi et al., 2023; Nishant et al., 2023),
statistical analogues (Boé et al., 2023), and normalizing flows (Groenke et al., 2020). In both
RCM emulation and other downscaling applications, there has been a shift towards
regression-based deep learning computer vision algorithms such as CNNs (Babaousmail et
al., 2021; Bano-Medina et al., 2023; Doury et al., 2022; van der Meer et al., 2023). These are
better suited to the complex non-linear relationships between large-scale predictors and local-
scale climate variables (Rampal et al., 2022) and have generally outperformed traditional
statistical and machine learning (ML) techniques (Bafo-Medina et al., 2020; Rampal, 2024;
Rampal et al., 2022).

While regression-based approaches (including deep learning) are skillful in capturing the
“mean-state” in instantaneous predictions (i.e. they regress to the mean), they tend to
underestimate extreme events and struggle to resolve fine scale details (Harris et al., 2022;
Mardani et al., 2023; Rampal, 2024; Reddy et al., 2023; Vosper et al., 2023; J. Wang et al.,
2021). Unlike weather forecasting, accurate instantaneous predictions are less useful than
climatological metrics (i.e. how often a given weather event occurs) in a climate projection
context, as atmospheric variability is chaotic and effectively random beyond a short horizon.
This may create a trade-off between accuracy of instantaneous predictions, and the skill in
capturing climatological metrics and extreme events (Rampal et al., 2024). This is
particularly problematic for extreme events (e.g. convective high intensity short duration
rainfall events) which can have the highest societal impact. While there have been a wide
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variety of algorithm developments to overcome such issues in regression-based approaches,
these issues persist (for recent reviews see Rampal et al., 2024; Sun et al., 2024) .

Generative Adversarial Networks (GANSs) are a recent development in ML that may offer
a solution to some of these shortcomings. GANs have been used in many research areas
(Goodfellow et al., 2014; Isola et al., 2018; Mirza & Osindero, 2014; X. Wang et al., 2018),
and have recently been adapted from the computer vision sub-field of super-resolution (which
focuses on enhancing image resolution) to climate downscaling. GANS, also often described
as conditional GANs (c-GANSs) in this context, have significantly improved regression-based
computer-vision algorithms in predicting local-scale extreme events and resolving high-
resolution spatial structure in the downscaled predictions (Annau et al., 2023; Brochet et al.,
2023; Izumi et al., 2022; Leinonen et al., 2021; Miralles et al., 2022; Oyama et al., 2023;
Price & Rasp, 2022; Ravuri et al., 2021a; Saha & Ravela, 2022; Vosper et al., 2023; J. Wang
et al., 2021).

Unlike traditional regression-based ML algorithms, which optimize for loss functions
such as mean squared error (MSE), GANSs are generative algorithms that incorporate an
adversarial loss (Goodfellow et al., 2014; Mirza & Osindero, 2014) and use stochastic noise
to generate an ensemble of predictions for a given set of large-scale predictor variables (i.e.
coarse-resolution variables from GCMs).The adversarial loss function drives a competitive
process between two CNNs, a generator and discriminator. The generator attempts to
generate realistic samples (i.e. pseudo-RCM simulations), while the discriminator tries to
distinguish between real data (i.e. RCM simulations) and the generator's output (Goodfellow
et al., 2014; Mirza & Osindero, 2014). This competition leads to the generator implicitly
learning through a powerful loss function that goes beyond traditional pixel-wise
comparisons, encouraging the generation of outputs to be distributionally and structurally
similar to the real data (Gulrajani et al., 2017).

The effectiveness of GANs for climate downscaling in present-day or future climates has
not been well-assessed (Rampal, et al., 2024). Existing research mainly focuses on using
traditional error metrics such as root-mean-squared error (Rampal et al., 2024; Sun et al.,
2024) instead of climatological metrics. Additionally, GANs are notoriously unstable and
challenging to train, where stability is often determined by selecting the correct
hyperparameters (Arjovsky et al., 2017; Goodfellow et al., 2014; Gulrajani et al., 2017; Mirza
& Osindero, 2014).

One particularly important hyperparameter is the weighting of the adversarial loss
function (A,4,) during training (refer to section 2.1 for more details), which determines the
strength of the adversarial loss during training. While studies have analyzed the impact of
model architecture and loss function choices on generated output quality, this research has
been limited to computer vision applications (Abu-Srhan et al., 2022; Isola et al., 2018; Ledig
et al., 2017; X. Wang et al., 2018). For example, Isola et al., (2018) highlighted that values
too large would often hallucinate and generate artifacts (i.e. 1,4, = 1), and found optimal
performance when 4,4, = 0.01 for image-to-image translation. Existing studies in
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downscaling applications have only conducted their research using a specific value of 4,4y
(i.e. Annau et al., 2023; Harris et al., 2022; Leinonen et al., 2021; Vosper et al., 2023), with
limited exploration of how the strength of the adversarial loss affects climate downscaling.

Our study therefore aims to focus on two aspects of evaluating GANS. Firstly, we assess
whether GANSs add value over regression-based RCM emulators. Secondly, we explore the
robustness of GAN performance for RCM emulation, by varying the hyperparameter A,4,,.
Our study uses a comprehensive set of evaluation metrics to ensure that GANSs are useful in a
variety of climate downscaling contexts. These metrics assess the emulator's ability to learn
various climate statistics, such as the climatology of precipitation, extreme events, and the
persistence of dry spells. We also evaluate the skill of GANs to generate ensembles, which
have significant implications for uncertainty quantification in climate science and weather
forecasting.

2. Materials and Methods
2.1 Training and Evaluation Data
2.1.1 Regional Climate Model Configuration

Our RCM emulator was trained using predictor and target variables from the Conformal
Cubic Atmospheric Model (CCAM), a global non-hydrostatic atmospheric model with a
variable-resolution cubic grid (Chapman et al., 2023; Gibson et al., 2023; McGregor & Dix,
2008; Thatcher & McGregor, 2009). In contrast to commonly used RCMs like the Weather
Research and Forecasting Model (WRF), which rely on lateral boundary conditions from
reanalysis or CMIP6 GCMs, CCAM is run as a global variable-resolution model (McGregor
& Dix, 2008). CCAM is run globally with spectral nudging to input fields from GCM
atmospheric variables. A detailed evaluation of CCAM is presented in Gibson et al. (2023)
for this region, which used a very similar version of CCAM (i.e. model grid and physics
configuration).

Although CCAM is a global model, our emulation efforts concentrate on the New
Zealand region (165°E-184°W, 33°S-51°S) as shown in Figure 1 (target domain), where the
highest resolution face of CCAM is near-uniformly 12km. Due to its diverse array of
microclimates, the New Zealand region provides an ideal case study for RCM emulation.
These microclimates arise due to New Zealand’s complex geography, including coastlines,
mountains, and its position in the mid-latitudes. New Zealand is also exposed to weather
phenomena such as tropical cyclones, atmospheric rivers, and large-scale climate drivers such
as the El Nifo-Southern Oscillation (ENSO), and the Southern Annular Mode (SAM) (Refs).
While physical processes governing New Zealand’s regional climate are generally well
captured by physics-based RCMs (Ackerley et al., 2012; Gibson et al., 2023), a key challenge
is ensuring that RCM emulators can also learn these processes (Rampal et al., 2024).
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2.1.2 Training Data

The main target variable is daily accumulated high-resolution (~12km) precipitation (pr)
from CCAM output. Precipitation is logarithmically normalized (z = log,(pr + 0.001)) to
reduce its distributional skewness, as implemented in various weather forecasting and
downscaling studies (i.e. Rasp et al., 2020; Renwick et al., 2009). The coarse-resolution
predictor variables are daily-averaged large-scale prognostic variables from CCAM, which
include zonal wind (U), meridional wind (V), temperature (T) and specific humidity (Q) at
two pressure levels, 500hPa and 850hPa in the atmosphere. The domain extent of the
predictor variables is slightly larger than the target variable (151°E-188°W, 26°S-59°S) as
illustrated in Figure 1, and was chosen to prevent information scarcity at the boundaries of
the target domain (Bailie et al., 2024; Rampal et al., 2022). These predictor variables are re-
gridded from 12km to a resolution of 1.5° (~150km) using conservative remapping. The
predictor variables are normalized relative to the mean and standard deviation computed over
the entire training dataset as implemented in Rampal et al., (2022) and Rasp et al., (2020).
The rationale for using daily-aggregated predictor and target variables instead of sub-daily is
to both speed up model training and inference time but also reduce CPU/GPU memory usage.
Using daily input fields also ensures that the emulator can be applied to a much larger
number of GCMs, since the availability of daily data is much greater than sub-daily data
across the CMIP6 archive. It is important to note, that daily-aggregation also incurs a loss of
temporal information, making the problem somewhat more challenging than using
instantaneous fields (i.e. hourly).

Our study focuses solely on evaluating and training DL algorithms on historical RCM
simulations. Our evaluation framework does not focus on out-of-distribution performance
temporally (i.e. to future climates), but rather tests whether the emulator can be applied more
broadly to other un-seen GCM/RCM simulations from training. All emulators were trained
on 55 years of simulation (~21,000 days) from the CMIP6 ACCESS-CM2 (1960-2014). We
assess the performance of all emulators using ground-truth downscaled simulations from
CCAM, configured identically from two additional CMIP6 GCMs (EC-Earth3 and
NorESM2-MM). This out-of-sample evaluation covers a 20-year historical period from 1986
to 2005 (~7300 days). Here, our emulator is applied to the CCAM-coarsened predictor fields
(perfect framework) from these simulations. Doing so provides a true out-of-sample test of
the emulator, testing the performance (and ability to generalize) on additional driving fields
from GCMs which were unseen in training.
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Figure 1: A depiction of the domain extent of the predictor variables (blue) and target
variables (red) across the New Zealand region, with the color scale representing the region's
surface elevation

2.1.3 Training framework

We have used CCAM-coarsened predictor variables as opposed to variables from the
GCM directly. This training strategy is known as the perfect framework. It differs from the
imperfect training framework, which uses GCM fields as predictor variables directly
(Rampal, et al., 2024). Training an emulator through the imperfect framework is more
challenging as the RCM’s mean state can significantly deviate from the GCM (Bartok et al.,
2017; Boé et al., 2020; Serland et al., 2018). An emulator trained in the imperfect framework
needs to learn both the deviations between the RCM and GCMs mean state, and the finer
scales of RCM (Rampal et al., 2024), whereas the perfect framework emulator is only
required to learn the latter.

Additionally, emulators trained in the imperfect framework have been shown to learn a
relationship that is unique to a specific GCM/RCM pair (Bano-Medina et al., 2023; Bo¢ et
al., 2023) and thus is less portable across the wider GCM/RCM matrix. Conversely, training
in the perfect framework has very little dependence on the RCM simulation used in training
(as it does not have to account for differences in circulation between RCM and GCM). While
there is an ongoing discussion about which framework is optimal in an out-of-sample
operational setting, training and evaluation in the perfect framework is simpler and involves
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fewer considerations (Rampal, et al., 2024). This is advantageous for the purposes of testing
different configurations of GANSs in this study, and more broadly applying the emulator to
downscaling multiple GCMs to generate high-resolution “pseudo” simulation.

(a) c-GAN Training Framework
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Figure 2: (a) An illustration of the training feedback loop of a GAN (c-GAN). The
generator creates high-resolution predictions from low-resolution inputs and a noise vector.
The discriminator then measures how realistic the generator's outputs are through a
discriminator loss. (b) A residual GAN for downscaling. The residual GAN consists of two
steps; first, a regression-based U-Net is trained to produce a deterministic prediction (ypyeq

for a given X (predictor fields). This prediction and a noise vector are then input into the
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generator, which is trained to predict the residual between the U-Net and the ground truth in
logarithmic space. (¢) Generator Architecture: This flowchart depicts the architecture of the
generator within the GAN. It shows how multiple inputs, including a U-Net prediction
(Vpred ), elevation data, low-resolution GCM data (X), and a noise vector pass through a

series of layers and processes to ultimately produce the high-resolution climate field
prediction (y5veq ) used by the GAN.

2.2 Generative Adversarial Networks

The GAN architecture for downscaling consists of two main components: a generator and
a discriminator (also known as a critic). The generator aims to create a high-resolution
climate field from a "low-resolution" climate field as an input (the condition), and a
discriminator evaluates whether the generated image is likely real (ground truth high-
resolution simulations) or fake (synthetic high-resolution fields generated by the generator
that may have characteristic artefacts). There are two main loss functions in training a GAN:
the generator loss (G,,ss) and the discriminator (critic) loss.

2.2.1 Generator Loss

In this study we train c-GANs with two different loss function configurations. In a
downscaling or image super-resolution context, the generator loss usually consists of
traditional loss functions such as the MSE and an adversarial loss function, G,g4,,, which is
weighted by some constant factor 4,4, as shown in Equation 1.

(1) Gloss(ytrue' ypred) = MSE(ytrue: ypred) + Aadv * Gadv(D(ypred))a

Gaav (ypred) == D(ypred)

Here, Yirye and Yp,req refer to the ground truth RCM simulations and generated samples
from the emulator, respectively. The adversarial loss function (G,4,,) 1s calculated by taking
the negative average of the discriminator's (D) output on generated samples D (Ypreq)- In
simpler terms, the adversarial loss increases when the discriminator is not fooled by the
generated images, penalizing the current weight set in the generator. The generator loss
shown in Equation 1 is one of the two main loss function configurations explored in this
study. It is widely used in many super-resolution and downscaling studies (i.e. Harris et al.,
2022; Leinonen et al., 2021; Vosper et al., 2023). Note we use the MSE loss function as
opposed to the MAE loss as it is more sensitive to errors in extreme events (not shown). It is
important to note that training with an 1,4, too large is often unstable (Isola et al., 2018;
Vosper et al., 2023), and the majority of existing studies generally use values of 4,4, less
than 0.005 (Harris et al., 2022; Izumi et al., 2022; Leinonen et al., 2021; Vosper et al., 2023;
X. Wang et al., 2018).

10
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We also explore a second loss function configuration that incorporates an intensity
constraint (IC), analogous to Ravuri et al. (2021) and Price & Rasp., (2022). The intensity
constraint penalizes both the model's maximum precipitation intensity over the regional
domain (Y™%*) at each timestep, and its batch-averaged precipitation rate (Y*¢%") for each
location, as shown in Equation 2. The maximum precipitation intensity constraint prevents
precipitation intensities from growing too large, and the batch-averaged precipitation (where
the batch size is 32) is a proxy for conserving monthly precipitation averages. Note that
during training, the batches are randomly shuffled at each epoch.

(2): Gloss = MSE(ytrue» ypred) + Aadv * GAdv(ypred) + IC(ytruer ypred)
where IC(Verue: Vprea) = MSE(YIRE, Yynod) + MSE(Ynean, vymean
2.2.2 Discriminator Loss

Similar to previous studies (Gulrajani et al., 2017; Harris et al., 2022; Leinonen et al.,
2021; Vosper et al., 2023), we use the 1-Wasserstein distance (D,4,,) as an discriminator or
critic loss function (yielding what are often known as Wasserstein-GANs), where

Dadv(ytrue'ypred) = D(ytrue) - D(ypred)-

We also use a gradient penalty value of 10 (Gulrajani et al., 2017; Harris et al., 2022;
Leinonen et al., 2021; Vosper et al., 2023). As implemented in these studies, we also train the
discriminator three times as frequently as the generator. Overall, these refinements to the
discriminator have been shown to improve training stability and a reduction of sensitivity to
the choice of architecture and hyperparameters in c-GANs (Arjovsky et al., 2017).

2.2.3 Adversarial Parameter Selection

Our study examines how the solutions produced by GANSs to the contribution of the
adversarial loss weight (4,4,). Increasing 4,4, allows the solutions from the GAN to diverge
from the regression baseline as the adversarial loss becomes increasingly important. We
explore seven different values of 1,4,: 0.0, 0.0001, 0.00125, 0.0025, 0.005, 0.01 and 0.1.
Here, 4,4, = O refers to the regression baseline. The range of 4,4, was chosen to encompass
the wide variety of values used in climate downscaling / weather forecasting literature.

2.3 Algorithm Architectures

In this study, we train two types of emulators: a regression baseline in which 4,4, =
0.0 and a residual GAN (Figure 2b). For the residual GAN, we test two different loss
function configurations: with (Equation 2) and without an additional intensity constraint
(Equation 1).

2.3.1 Regression Baseline

11
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The regression baseline is based on the widely used U-Net deep learning model
(Ronneberger et al., 2015), as illustrated in Figure 2c. The U-Net architecture consists of a
contracting path, extracting information from the input predictor variables into a lower
dimensional latent space. The expansive path involves reconstructing the high-resolution
output (precipitation) from the latent space. The U-Net regression model consists of two input
data streams: normalized high-resolution elevation data (12km) from CCAM and the large-
scale prognostic predictor variables (1.5°). Our model uses residual convolutional layers (or
residual blocks) with batch normalization, which have shown better performance than
traditional convolutional layers and help address instability issues in deep-learning models
(Rampal, et al., 2024; Sun et al., 2024). Following several residual convolutional blocks and
pooling layers, the two input streams are concatenated and mixed to form the latent space of
the model. Then, there are a series of upsampling (increasing the spatial resolution) and
residual convolutional blocks until the output reaches the desired shape. Additionally, we
repeated our experiments with and without batch normalization within our residual blocks,
which had a minimal impact on our results.

2.3.2 Residual GAN

The residual GAN is trained to predict residuals (r = y3_ . —o — Verue) between a

regression baseline (1,4, = 0) and the ground truth CCAM, as illustrated in Figure 2b. This
residual methodology adapted from Mardani et al. (2023), who employed a similar approach
in training a different type of generative model for downscaling called diffusion models. The
regression baseline learns the expectation of all possible outcomes (the predictable
component) from the RCM simulations, which tend to be smooth in both space and time
(large-scale precipitation structures). This allows the residual GAN to focus on generating
plausible fluctuations around this expectation, which include high-frequency variations and
potentially some larger-scale contributions. The architecture of the generator in the residual
GAN is nearly identical to the regression baseline, with two additional predictors: high-
resolution prediction of precipitation from the regression baseline (y;,, -o), and a stochastic
noise vector, as inputs (see Figure 2c¢). Both the regression baseline and the residual GAN
have approximately 3.5 million trainable parameters.

The discriminator or critic evaluates the perceptual realism of the residuals (either ground
truth or predictors from the residual-GAN) conditioned on the regression baseline
precipitation predictions (y;,, dv=0)’ topography, and large-scale meteorological predictors
(x), as shown in Figure 1a. The discriminator architecture features two input data streams
analogous to the generator architecture: one for low-resolution fields with four convolutional
layers, and another for high-resolution fields consisting of five convolutional layers. The two
input data streams re subsequently concatenated in lower layers of the network. Both input
data streams to the discriminator use strided convolutional layers for dimensionality
reduction. To reduce model complexity and computational cost we excluded residual blocks
from the discriminator architecture, which had negligible impact on our results (not shown).
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In the discriminator and generator architectures, we use Leaky Rectified Linear Unit
(ReLU) activation functions in all layers, as implemented in Leinonen et al. (2021). ReLU
activation functions have been suggested to improve stability in training both the generator
and discriminator. For the final output activation of the residual GAN, we use the LeakyRelu
function (15 (x)).

g () = {OJSCx i Z 83}

In addition to LeakyRelu, we experimented with other output activation functions, such as
a modified hyperbolic tangent (Tanh) function, which had a similar skill across all evaluation
metrics used in this study.

Similar to previous studies (Gulrajani et al., 2017; Leinonen et al., 2020), both the
generator and discriminator are trained with an initial learning rate of 2 x 10™%, and a batch
size of 32. The regression baseline is trained with a learning rate of 7 x 10~*. We also
explored smaller learning rates (i.e. 1 x 10~%), which overall produced similar results but
increased algorithm training times (not shown). To control overfitting and improve stability
during training, we use learning decay for training the generator and the regression baseline
with decay rates of 0.9945 and 0.989 per 1000 iterations, respectively. Each model was
trained for 240 epochs, which equates to approximately 48 hours of training on a single
NVIDIA A100 GPU with 80GB RAM. Additionally, learning rate decay also stabilizes GAN
performance across different epochs (i.e. similar results were obtained from using 200 epochs
instead of 240), addressing fluctuations in performance reported in prior studies. (Harris et
al., 2022).

Predictions from the residual GAN are added to the regression baseline and inverse
transformed (pr = exp (Y3, 0.0 + Y2,,,)-0.001) to produce daily precipitation fields. Each
experiment was repeated three times with a different random seed to ensure the consistency
of results, and a separate regression baseline (U-Net) was trained with and without the
intensity constraint. Generating a single simulation (one member) of 20-year daily
precipitation (7300-time steps) record takes approximately 20 seconds on an A100 GPU.

2.4 Evaluation Metrics

Analogous to many RCM historical evaluation studies (i.e. Chapman et al., 2023; Di
Virgilio et al., 2019, 2020; Isphording et al., 2023), we use three common climatological
evaluation metrics to assess the out-of-sample performance over 20 years from 1986-2005.
The first metric assesses the ability to capture seasonal averages in precipitation. This
assessment for emulators is particularly important for New Zealand, where significant shifts
in large-scale circulations, such as the subtropical and polar jet, occur between summer and
winter and affect seasonal precipitation. Here, we use the summer and winter periods for
evaluation: December-February (DJF) and June — August (JJA), respectively. We also use
two other ETCCDI metrics that assess the performance of our emulator on capturing the
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climatology of extreme events (Isphording et al., 2023; Rampal et al., 2024; Zhang et al.,
2011) the wettest day of the year (RX1Day) and the average number of consecutive dry days
(CDD) per year.

3. Results
3.1 The Adversarial Effect on Local-scale Extremes
3.1.1 Case Studies of Extreme Events

To understand how the A,,,, affects the ability to resolve mesoscale structures and
precipitation intensity; we present a case study of an extreme precipitation event simulated in
EC-Earth3 over the New Zealand region. The emulator's predictions of precipitation across
all 1,4, values (including the regression baseline) are spatially aligned with CCAM's
precipitation patterns and associated low-pressure centers, as depicted in Figure 3. Overall,
this demonstrates the emulator's proficiency in learning the effects of mesoscale circulation
on extreme rainfall. This result is also consistent without the intensity constraint (Figure S1)
and amongst other case studies (Figure S2-S3).

Regression Baseline

(Aagv =0.0) Aagv =0.0001 Aaay =0.00125 Aaay =0.0025
j . A»j
* MAX * MAX MAX
144,76 mm 266.15 mm 344.48 mm

Ground Truth
- . Q-p.? b, ‘ ™

Aagy =0.005
) > XS

%

0‘,0 12‘5 20.0 30.0 4(;,0 6(5,0 EUI,D 125.0 200.0
Precipitation (mm/day)

Figure 3: Example of daily precipitation predictions from GAN with the intensity constraint
for a simulated extreme event from EC-Earth3 (2002-02-27), relative to the ground truth
(CCAM downscaling EC-Earth3). The maximum precipitation intensity across the domain is
shown in the text below the plot. The contours show CCAM’s Mean Sea Level Pressure
(MSLP) patterns for the same event.
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The regression baseline (4,4, = 0) significantly underestimates the maximum
precipitation intensity and overly smooths mesoscale precipitation structures for the event
depicted in Figure 3 relative to ground truth CCAM (also shown in Supplementary Figure S3-
S4). However, when 4,4, =0.00125, the emulator can better resolve mesoscale structures
and more accurately estimate the maximum precipitation rates across the domain. When the
intensity constraint is not used, there are instances where the maximum precipitation intensity
is significantly overestimated. Most notably, when 4,4, = 0.01 or 0.1, the intensity is
overestimated by over 200% (see Supplementary Figure S1).

3.1.2 Precipitation Distribution

To quantify performance more generally, we examine the distribution of precipitation
across the entire New Zealand region (including land and ocean) via a one-dimensional
histogram of precipitation for all grid points and daily timesteps as shown for both loss
function configurations (Figure 4).

The regression-baseline captures the mean of the precipitation distribution relatively well
(the lowest intensity histogram bins) but underestimates the frequency of the most extreme
events (i.e. >200mm/day), as shown in Figure 4a-4b. GANs do not always outperform
regression models in capturing the precipitation distribution. Rather, their performance
depends heavily on the specific loss function configuration (with or without intensity
constraints) and the weighting of the adversarial loss (4,4y).

Overall, varying 4,4, has a minimal effect on the precipitation distribution when the
intensity constraint is used (Equation 2; Figure 4a). For nearly all values of 4,4, the
precipitation distribution closely matches CCAM's — albeit slightly underestimating the most
extreme precipitation events (>500mm), as illustrated in Figure 4a. In contrast, when no
intensity constraint is used (Equation 1), varying 4,4, has a strong effect on the precipitation
distribution (Figure 4b). Here, the regression baseline and 4,4, = 0.0001 case, both
underestimate precipitation frequency at all intensities relative to CCAM, whereas when
Aaav = 0.1 there is a significant overestimation of precipitation frequency across all
intensities, including a maximum of over 1,000,000 mm/day. Unphysically large precipitation
values have also been reported in previous studies (Harris et al., 2022; Vosper et al., 2023).
Further evaluation using Quantile-Quantile (Q-Q) plots is shown in Supplementary Figure
S4-S6.

3.1.3 Mesoscale Variability

To evaluate the emulator's skill in resolving finer scale aspects of precipitation, we
computed the Power Spectral Density (PSD) on predictions from the 200 rainiest days on
average across the domain (although we obtain similar results using all days). The PSD is
computed on each day’s two-dimensional field of precipitation, and then averaged across all
days. Here, the PSD is the integrated Fourier Transform as a function of the spatial

wavelength (K = / (k2 + kf,), where k, and k,, are the wavelengths in the x and y

directions, respectively. We normalized each day’s precipitation so that that the PSD receives

equal weight from all included days.
15
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Our results indicate that for very small values of 1,4, (<0.00125) including the
regression baseline, variability at small spatial is underestimated regardless of the intensity
constraint. Here, GANs do not fully resolve mesoscale structures in a similar capacity to
CCAM as shown in Figure 4(c-d). For all other values of 4,4, The emulator's PSD closely
follows CCAM for both loss functions. However, there is one major exception when A,4, =
0.1, and variability is overestimated across all spatial wavelengths, leading to an exaggerated
representation of large-scale and mesoscale variability. It is important to note that at very
small spatial scales (~1/25km), there is generally good agreement across all 4,4, including
the regression baseline. This agreement is primarily attributed to incorporating topography as
a predictor variable (not shown), enabling the algorithm to account for the influence of
orographic precipitation (Bailie et al., 2024). We thus conclude that GANs can relatively
robustly capture the range of spatial scales, and that this is not much affected by the intensity
constraint.

(a) GAN
Intensity Constrained (b) GAN
1 A =0.0 Aagy = 0.005 3 Aaae =00 Asgy = 0.005

Asgv = 0.0001 Aagy = 0.01 [ Aa=0.0001 3 Aspy=0.01
Asy=0.00125 [ Asge=0.1
Aagy =0.0025 =3 Ground Truth

Aagy =0.00125 [ As=0.1
Asay =0.0025 3 Ground Truth

Counts

e, N
M [!an}'ﬂﬂﬂjmn LUman

0 200 400 600 800 1000 0 200 400 1000
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() (d)

10°4
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2
=
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107
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A = 0.00125 Asge = 0.00125
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= Aagy=0.01 w— Aagy =0.01

—— Ay =0.1 —— Aggy=0.1
104 1044
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Figure 4: The precipitation distribution as a function of 1,4, when the RCM emulator is
applied out-of-sample to EC-Earth3. (a) the histogram with the intensity constraint, and (b)
without. Here, precipitation counts in the histogram are aggregated across all locations over
the domain. The black curve highlights ground truth CCAM.

3.2 Temporal Variability
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To evaluate performance on temporal variability (un-normalized precipitation), we
compute the ratio (o,-) in temporal standard deviation between each emulator's precipitation

field (o,) and ground truth CCAM (0¢canm), Where o, = 1600* % Ratios less than 100%
C

CAM
underestimate temporal variability, while values greater than 100% overestimate variability.

This ratio is computed for each grid cell. Precipitation values exceeding 2000mm/day were
excluded when computing standard deviation, which removes the contribution of
unphysically large precipitation values, but this only affects the case when 4,4, = 0.1
without the intensity constraint.

The regression baseline and GAN (Figure 5a-b, left panel) substantially underestimates
temporal variability by over 40%, regardless of generative loss configuration (Equation 1 or
2). However, as 1,4, increases further the ratio increases, as illustrated in the center panel in
Figure 5a-b and Supplementary Figure S7. With the intensity constraint and when A,4,=0.1,
the emulator performs exceptionally well at capturing CCAM's temporal variability with an
average ratio of 100%. When no intensity constraint is used, best performance is achieved
when 4,4, =0.01, with an average 97% ratio (Supplementary Figure S7). However, when
Aaav = 0.1 without the intensity constraint the average ratio exceeds 110%, and in several
individual grid points it exceeds 800%. Note if values exceed 2000mm, the ratio exceeds
1000%. Thus, for capturing temporal variability robustly, training with an intensity constraint
appears important. However, without the intensity constraint, when 1,4, is large (= 0.1), the
behavior appears unstable, likely due to the overestimation in extreme precipitation (Figure
2b) which inflates the temporal standard deviation.

Aadv=0-0 Aadv=0.005 Aadv=0-l

(a)
GAN by
Intensity &?

Constrained

o, = 60 o =94 o= 100

Aaav=0.0 Aagy=0.005

on |8 4337

o, =59 o, = 88 o, =110

L] 25 5‘0 7‘5 160 125 150 175 200
Standard Deviation Ratio (g,.)
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Figure 5: The percentage ratio of RCM emulated to ground truth temporal standard
deviation in CCAM for the EC-Earth3 simulation. (a) shows the percentage ratio for the
LeakyReLU activation with an intensity constraint applied and (b) without the constraint for
three values of 4,4,. The variance ratio is calculated per grid pixel relative to the CCAM
ground truth. The text below each Figure shows the average ratio (o,.) across the entire
domain.

3.3 Climate Statistics

This section evaluates the skill in emulating climate statistics/metrics and conventional
error metrics such as MAE.

3.3.1 Seasonal Precipitation

Figure 6 shows the 10-member ensemble average out-of-sample emulator performance in
representing four key climate metrics: (a) DJF and (b) JJA climatological precipitation, (c)
RX1Day, and (d) CDD - each averaged the domain. The regression-baseline and the 1,4, =
0.0001 case have the highest MAE across all out-of-sample evaluation metrics. Increasing
Aaav iImproves the skill in reproducing the spatial patterns of seasonal precipitation (DJF and
JJA) where the lowest MAEs are observed for 4,4, = 0.01. The regression baseline has an
overall dry bias and increasing 4,4, better captures seasonal precipitation rates over the New
Zealand region, as illustrated in Figure 7a(i-i1). A similar result is also shown for JJA
climatological precipitation (Figure 7b(i-ii)), where the improvement is even more notable.

3.3.2 Rxlday Climatology

For the Rx1Day climatology, the regression baseline and 4,4, = 0.0001 cases again have
the highest MAE (Figure 6¢) and are generally dry-biased (Figure 8a(i-i1)) for both loss
function configurations. The MAE decreases for higher lambda, except at 4,4, = 0.1 with no
intensity constraint where there is a sharp increase in MAE (250%) and the RX1Day
climatology is significantly overestimated (Figure 8a(ii) (rightmost panel)). On the other
hand, the lowest MAE is achieved with this same 1,4, = 0.1 with the intensity constraint.
The spatial patterns in the RX1Day climatology for 4,4, = 0.1 also match the ground truth.
Overall, the RX1Day climatology performance seems to most robust across 4,4, values when
the intensity constraint is applied.
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Figure 6: The MAE as a function of 4,4, for the GAN trained with (green) and without
(red) the intensity constraint across four key statistics — mean DJF (a) and JJA (b)
precipitation, RX1Day (c), and CDD (d) — relative to ground truth CCAM RCM simulation
from EC-Earth3. The performance of the regression baseline is shown as the dashed line,
both with (green) and without (red) the intensity constraint.

3.3.3 Consecutive Dry Days

The results for CDD show the same trends as those for Rx1Day, except at 4,4,=0.1 for
where the MAE abruptly increases for both loss function configurations. Upon visual
inspection in Figure 8b, the MAE increase appears to be due to an overestimation in CDD
over the ocean, particularly on the eastern coast of the South Island and the northern region of
the North Island of New Zealand. Interestingly, the configuration with the intensity constraint
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appears to have a larger MAE across all values of 1,4, compared to the configuration

without it.
Regression
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Figure 7: The performance of the two GAN loss function configurations as a function of
Aaav; With (1) and without the intensity constraint (ii) in generating DJF and JJA
climatological precipitation relative to ground truth CCAM RCM simulations (EC-Earth3)
for a single ensemble member. The regression baseline is indicated by A,4,= 0.0. The text for
each subplot shows the MAE and the mean bias (MBIAS) relative to ground truth.

3.3.4 In-sample Performance

It is also important to discuss in-sample performance, that is, evaluating the emulator on
the same RCM simulation as it was trained on (ACCESS-CM2) between 1986-2005.
Differences between in-sample and out-of-sample performance can shed light on the
emulator’s ability to generalize further (for example, to other GCMs). The in-sample
performance across the four metrics is generally significantly better (lower error) than on EC-
Earth3, particularly for the regression baseline and lower values of 1,4, (< 0.01). The higher
in-sample performance suggests that the algorithm may have slightly overfitted to the
ACCESS-CM?2 training distribution despite efforts to prevent it. However, for 4,4, =0.1
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with intensity constraint, in-sample and out-of-sample performances are similar for all
metrics except for CDD, as illustrated in Supplementary Figure S9-S10. One potential
explanation is that adversarial training mitigates overfitting, allowing the algorithm to learn
more generalizable relationships, though further research would be required to test this. We
also assessed the out-of-sample emulator performance on the NorESM2-MM GCM (i.e. the
model trained on ACCESS-CM2 is applied to NorESM2-MM predictor fields). The results
were nearly identical to the EC-Earth3 evaluation, as summarized in Supplementary Figure
S8. This result is important as is implies a GAN emulator trained only on one RCM/GCM
simulation pair can be broadly applied to historical climates from other GCMs, a finding that
differs from the common view of GANs as being unstable.
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Figure 8: The performance of the two GAN loss function configurations as a function of
Aqav; With (1) and without the intensity constraint (ii) in generating climatological RX1Day
and CDD relative to ground truth CCAM RCM simulations (EC-Earth3) for a single
ensemble member. The regression baseline is indicated by 4,4,= 0.0. The text for each
subplot shows the MAE and the mean bias (MBIAS) relative to ground truth.
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3.3.5 Summary

Overall, when considering all climate statistical metrics, the lowest MAE scores occur
when 1,4, is set between 0.05 and 0.1 with the intensity constraint. Note, that for this range
of 1,4, We also see good performance in accurately capturing precipitation distribution. In
comparison, without the intensity constraint, the best performance is generally achieved when
Aaav 18 between 0.0025 to 0.01, with the lowest scores notably at 4,4, = 0.01. However, the
larger values of 1,4, within this range (0.005, 0.01) do not accurately capture precipitation
distribution (as detailed in Section 3.2), making 4,4, = 0.0025 the only viable option.

3.4 Ensemble Statistics

Moving beyond standard downscaling metrics, this section assesses the ensemble spread
produced by GANSs. It aims to determine whether GANs can skillfully generate ensembles
that capture the "true" variability of potential outcomes that is essential for uncertainty
quantification in a downscaling or weather generation context. This study uses the spread-
error relationship (section 3.4.1) and the Continuous Ranked Probability Score (CRPS;
section 3.4.2) metrics, which are commonly used for evaluating ensemble weather forecasts
(i.e. Doblas-Reyes et al., 2005; Leutbecher & Palmer, 2008; Palmer et al., 2008), and more
recently for DL-based weather forecasts (Harris et al., 2022; Kochkov et al., 2024; Price &
Rasp, 2022; Ravuri et al., 2021a; Vosper et al., 2023).

3.4.1 Spread-error Relationship

The spread-error relationship evaluates an ensemble's dispersion — also commonly known
as the ensemble's calibration. The spread-error relationship describes a relation between
spread of the ensemble about its mean (RMSS) and the error in the ensemble mean (hereon
referred to as RMSE) (Doblas-Reyes et al., 2005; Fortin et al., 2014; Leutbecher & Palmer,
2008; Palmer et al., 2008). A well-calibrated (statistically perfect) ensemble of infinite size
generally has a linear spread-error relationship (black dashed line in Figure 9a-b), meaning
that the average distance between the ground truth and the ensemble mean equals the average
distance between individual ensemble members and the ensemble mean. The key
characteristic of a well-calibrated ensemble is that individual ensemble members are not
statistically distinguishable from the ground truth data. This relationship has been widely
used in the ensemble weather forecasting (Leutbecher & Palmer, 2008), and has recently
examined in a downscaling context (Vosper et al., 2023).

The spread-error relationship is computed for a 10-member ensemble spanning the 20-
year evaluation period for each 4,4,. Each ensemble member is distinguished by a unique
noise vector for the same large-scale predictor variables, as depicted in Figures 2b and c. We
also generated a 100-member ensemble spanning one year (i.e. larger ensemble but shorter
duration) to understand the impact of ensemble size on the spread-error relationship, which
did not alter our findings (not shown). Similar to previous studies (Kochkov et al., 2024;
Vosper et al., 2023), to compute spread error curves, we first average RMSS and RMSE
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values over time, then compute the mean RMSS across all RMSE bins. Due to our smaller
ensemble size (n = 10), the RMSS and RMSE values are adjusted by the factors 1.11 (ﬁ)

and 0.9 (ﬁ), respectively, as outlined in Vosper et al., (2023) & Leutbecher and Palmer,
(2008).

In the regression baseline (4,4, = 0.0) and 4,4, = 0.0001 cases, there is no spread
amongst their ensemble members (the RMSS is zero) and thus the slope of the spread-error
relationship is infinite (Figure 9a-b). When the intensity constraint is used, increasing A, 4,
improves dispersion or calibration, and when 4,4, is between 0.005 and 0.1 the spread-error
curve and its slope are more closely aligned with the perfect ensemble (y = x). Visual
inspection of an individual case (Figure 9c¢) likewise shows that for small values of 1,4, no
dispersion is evident among ensemble members, while for 4,4, greater than 0.005 dispersion
becomes more pronounced. Most importantly the dispersion appears perceptually realistic,
where each member's precipitation patterns are different but all consistent with large-scale
circulation patterns.

Conversely, when no intensity constraint is used, for nearly all values of 4,4, the spread-
error curves are primarily under-dispersive or poorly calibrated, as illustrated in Figure 9b.
The ensemble is well-calibrated when 4,4, = 0.01 as the spread-error curves are close to a
perfect ensemble ( y = x), but rapidly transitions to being over dispersive for larger
Aqav (= 0.01). Overall, in the absence of the intensity constraint, there is some instability or
heightened sensitivity to the spread-error relationship as a function of 4,4,,.
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Figure 9: (a) The spread-error relationship as a function of 1,4, when the intensity
constraint is used. (b) The spread-error relationship as a function of 1,4, when intensity
constraint is not used. (c) Examples of solutions from three ensemble members across all
values of 4,4, and its corresponding ground truth CCAM precipitation (b). (c) shows a case
study (2004-01-16) from EC-Earth3 to illustrate dispersion across three different ensemble
members.
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3.4.2 Continuous Ranked Probability Score (CRPS)

The Continuous Ranked Probability Score (CRPS) is a proper scoring rule that assesses
the accuracy of an ensemble in representing the full range of uncertainty within a prediction
(Gneiting & Katzfuss, 2014; Gneiting & Raftery, 2007; Hersbach, 2000; Lerch et al., 2017,
Matheson & Winkler, 1976). The CRPS measures the distance between the predicted
probability distribution and ground truth, but also assesses the ensemble's spread or
calibration. The CRPS is often interpreted as a generalization of the MAE (absolute
difference between a prediction and ground truth) for probabilistic forecast evaluation. In the
case of a deterministic prediction (e.g., regression baselines or a single ensemble member) the
CRPS equals the MAE, allowing for a comparison between deterministic and ensemble
predictions. One notable advantage of the CRPS is that it is less sensitive to double counting
of position (location of where precipitation occurs) and intensity (precipitation amount)
errors, which is a widely known limitation of MAE in ensemble forecast evaluation
(Hersbach, 2000).

Both the MAE and CRPS are computed on an individual prediction basis (per grid cell)
and averaged across all timesteps (7300 timesteps), latitudes, and longitudes. Here, the MAE
is calculated for each ensemble member and then averaged across all members. To reduce the
effect of outlier precipitation values on the computation of the MAE and CRPS, we exclude
grid points for a given timestep (and all corresponding members) when at least one ensemble
member has a precipitation value exceeding 2000 mm.
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Figure 10: The CRPS (a) and MAE (b) as a function of 4,4, for both loss function
configurations on EC-Earth3 relative to ground truth, with (green) and without the intensity
constraint (red).

The MAE (Figure 10b) is lowest for the regression baseline (1,4, = 0) and increases
rapidly as a function of 4,4, where it is 50% greater when 4,4, = 0.1 for both loss function
configurations. The regression baseline's lower MAE is expected, as it directly optimizes for
the Mean Squared Error (MSE) during training, which aligns closely with the MAE metric.
This relationship between MAE and 4,4, is also somewhat expected, as by design
larger 4,4, values allow for more deviation from the regression baselines (which are
optimized for MSE), leading to an increased MAE. Several studies have also noted that
GANSs have a higher MAE scores than regression-based DL algorithms (i.e. J. Wang et al.,
2021).

As for the CRPS metric, GANs only outperform the regression baseline at certain values

of A4y For instance, the GAN's CRPS is larger than the regression baseline when
26
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Aaav <0.0025 with the intensity constraint, and 4,4, <0.005 without it (Figure 10a). On the
other hand, the GAN's CRPS is lower than the regression baseline when 4,4, =0.005 with
the intensity constraint, and 4,4, =0.01 without it, where in both loss configurations the
lowest CRPS is achieved when 4,4, = 0.1. Note, the CRPS scores with the intensity
constraint are typically lower than those without across all 4,4, values, except at 4,4, = 0.1,
where the scores are similar.

3.4.3 Summary

In summary of our results from both CRPS and spread-error metrics, we find that smaller
values of 4,4, (<0.05) tend to generate under-dispersive (poorly calibrated) ensembles with
larger or similar CRPS scores to the regression baseline for both loss configurations. When
Aaav 18 between 0.005 and 0.1, GANs trained with an intensity constraint generate dispersive
(well-calibrated) ensembles with lower CRPS scores than the regression-baseline. However,
GANs s trained without an intensity constraint produce well-calibrated ensembles and lower
CRPS scores than the regression-baseline only when 1,4, = 0.01 and become over-
dispersive for larger 4,4,. Additionally, GANs trained with an intensity constraint are more
dispersive and have lower CRPS scores across all 4,4, than those trained without it,
suggesting that the intensity constraint improves robustness beyond its intended design.

4 Discussion
4.1 The Importance of Constraints

In general, smaller values of 4,4, (typically below 0.005) are common amongst
downscaling (climate and weather) and super-resolution studies when no intensity constraint
is used (Harris et al., 2022; Ledig et al., 2017; Leinonen et al., 2021; Vosper et al., 2023; X.
Wang et al., 2018). Our optimal range of 1,4, (0.00125 < 1,4, < 0.005) without the
intensity constraint aligns with these values. Our findings show that this range of 1,4,
balances good performance in capturing rainfall mean variations (Figure 7 & 8) and
distribution e.g. for extreme events (Figure 4). While larger values of 4,4, (>0.005) perform
better on the former, they drastically overestimate extreme precipitation events
(>200mmy/day). As 1,4, becomes too small, GAN performance converges towards that of
regression-based DL algorithm, which generally performs poorly across all metrics.

The agreement between our optimal 4,4, range (without the intensity constraint) and
other studies is promising, but one should be cautious about this range of 4,4, as they have
not been properly assessed in literature for their performance in climate settings (i.e. how
well they capture climate statistics). Our results demonstrate that GANs within this 4,4,
range produce under-dispersive ensembles (Figure 9b), limiting their usefulness for
uncertainty quantification (see also section 4.2). Additionally, their errors on climate
statistical metrics are much higher than larger 1,4, values (Figure 6-9). More broadly, there
are other challenges with training without the intensity constraint, such as the case for large
Aaav, Where precipitation extremes significantly overestimated. This raises concerns about
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GAN robustness (without the intensity constraint) under climate change, due to potential
unreliability in simulating extreme events.

Our study also shows that an intensity constraint in the loss function improves the
robustness of GANs and allows training with large 1,4,,. Larger values of 1,4, (=0.005)
generate more dispersive ensembles in the results and improve accuracy in climate statistical
metrics compared to smaller 4,4, values (below 0.005), all while accurately representing the
precipitation distribution. Several studies have also incorporated intensity constraints into
GAN loss functions. These studies have used significantly larger values of 4,4, (e.g., Ravuri
etal., 2021: A,4, = 0.05; Price & Rasp, 2022: 4,4, = 0.1). They reported substantial
improvement over regression-based DL algorithms, focusing primarily on metrics such as
CRPS and performance on extreme events in a weather forecasting context. However, they
did not directly compare their results to those without an intensity constraint.

4.2 Stochastic Weather Generation with GANs

The application of GANS as a stochastic weather generator remains both under-utilized
and under-evaluated in climate science. Stochastic weather generators can generate large
ensembles (or sequences) of climate fields (i.e. Ailliot et al., 2015; Benoit et al., 2018; Furrer
& Katz, 2008; Steinschneider et al., 2019; Verdin et al., 2018), which can be used to estimate
the likelihood of a certain extreme event occurring (i.e. average recurrence interval), thereby
offering valuable insights for disciplines such as catastrophe modeling. Recently, several
studies have used generative DL algorithms (including GANs) in a similar capacity to
stochastic weather generators (Boulaguiem et al., 2022; Brochet et al., 2023; Peard & Hall,
2023; Sha et al., 2024). GANs may have certain benefits over stochastic weather generators,
such as their ability to learn complex spatio-temporal relationships (Sha et al., 2024). This
may help them better simulate extreme phenomena like cyclones and atmospheric rivers,
though further comparison with traditional stochastic weather generators is needed. Although
GANSs show promise in this context, their success is ultimately hinged on their ability to
generate sufficiently dispersive ensembles (that capture the true variability of all possible
outcomes).

Several studies, which have mainly focused on weather forecasting have assessed the
calibration (dispersion) of GAN-generated ensembles (i.e. Harris et al., 2022; Price & Rasp,
2022; Ravuri et al., 2021b; Vosper et al., 2023). Collectively, these studies suggest that
GANSs can produce well-calibrated ensemble predictions across a large range of 4,4, (0.001-
0.1), and thus for this purpose we cannot expect a single value of 4,4, to work across all
problems and regions. However, our study introduces key insights into using GANs for
uncertainty quantification not previously detailed in literature. Firstly, our study emphasizes
the importance of exploring the 1,4, parameter, due to its significant impact on ensemble
dispersion (calibration). Secondly, incorporating constraints (i.e. intensity constraints) to the
loss function can not only improve ensemble dispersion across 4,4, but also yields more
robust performance compared to traditional GAN implementations.
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4.3 Limitations

Our study has only focused on historical training and evaluation. Further research should
focus on considering how well GANs extrapolating to future scenarios, especially in warmer
climates, may require broader training across both historical and future periods, as well as
multiple RCM simulations (Bano-Medina et al., 2023; Chadwick et al., 2011; Doury et al.,
2022; Holden et al., 2015). The choice of training simulation may impact the algorithm’s
ability to extrapolate to future climates across multiple GCMs (Bano-Medina et al., 2023;
Rampal et al., 2024). For example, warmer RCM simulations (i.e. with a higher equilibrium
climate sensitivity), may offer greater diversity in extreme events and climate variability.
When assessing emulator performance in future climates, one should consider evaluating the
emulator's ability to reproduce the RCM's climate change signals and non-stationary changes
like trends in extreme precipitation. Examples of these evaluation strategies are provided in
Bano-Medina et al. (2023), Rampal et al. (2024), and Doury et al. (2022).

Further development of statistical constraints incorporated into the loss function should
also be considered. In our case, the intensity constraint configuration performs exceptionally
well across various evaluation metrics but appears to have a lower skill for CDD. A potential
explanation for this lower skill could relate to the concept of metric transitivity (Abramowitz
et al., 2019), in which optimizing the algorithm to perform well on specific metrics (i.e.
intensity) means it performs slightly worse on other metrics which depend more on the
temporal aspects of precipitation (i.e. CDD). In future work, applying additional constraints
tailored for CDD could potentially improve the skill for this metric.

Our research has only focused on downscaling within the New Zealand domain, and thus
it is unclear how generalizable our intensity constraint modification and optimal 4,4, value is
across different domains, especially those larger in size (i.e. CORDEX domains) and
involving various variables. Although not detailed here, preliminary evidence, which will be
explored in a subsequent study, indicate that this optimal 1,4, range with the intensity
constraint successfully downscales precipitation in different regions and for other variables
(i.e. temperature), though further testing is needed to confirm its robustness.

Lastly, it is important to highlight common criticisms of GANs, such as "mode collapse"
or a lack of diversity in generated samples (Che et al., 2017; Dubinski et al., 2023; Mao et al.,
2019; Salimans et al., 2016; Srivastava et al., 2017). While we acknowledge such criticisms,
our study suggests that GANs can be very effective in downscaling with careful training
strategies (as detailed in Section 2). While diffusion models are an emerging type of
downscaling technique (and stable) (Addison et al., 2022, Leinonen et al., 2023), they are
significantly slower that GANs in training and inference time.
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5 Conclusion

This study demonstrates that conditional Generative Adversarial Networks (GANs) can
improve upon several of the limitations of regression-based deep learning (DL) algorithms
for downscaling in a historical climate setting. We also highlighted the broader potential of
GAN:Ss for stochastic weather generation, noting their skill in generating ensembles that
accurately encompass the full spectrum of possible outcomes.

We trained a series of GANSs on a single historical RCM simulation (ACCESS-CM2) and
tested their performance on two completely unseen GCMs (EC-Earth3 and NorESM2-MM)
to assess their generalization potential for downscaling across different GCM/RCM
combinations.

The best-performing GANs examined here outperformed regression-based DL algorithms
across various metrics relative to ground truth RCM simulations. While previous studies have
found promising results using GANs for a few problems with limited metrics, we measure
skill across a wide range of metrics, extending beyond conventional error metrics (e.g. mean
absolute error) used in many DL studies. Crucially we examine climate statistical metrics
(climatology of seasonal precipitation, wettest day of the year and length of the longest dry
spell), temporal variability, the precipitation intensity distribution, and ensemble calibration
(dispersion), which are much more relevant for climate studies.

We investigated how the hyperparameter 1,4, (weighting of the adversarial loss) impacts
the skill of the GAN, which has been largely unexplored in literature. GAN performance was
strongly dependent on 4,4, in standard implementations, such that 4,4, cannot be too big or
too small (i.e. there is no convergence to good behavior in either limit), and selecting an
optimal value requires trade-offs. Larger values of 4,4, (= 0.01) would perform well across
most metrics but can drastically overestimate precipitation intensity which diverges
monotonically as 4,4, increases. Smaller values would perform well on precipitation
intensity but less well for climate statistics and generating well-calibrated (dispersive)
ensembles needed to assess uncertainty. In this situation we cannot be confident that a value
of 1,4, tuned to work well in the historical climate or situation would generalize to an
unobserved climate scenario.

However, by incorporating a simple intensity constraint into the loss function of the
GAN, we significantly improved the robustness of GAN performance, thereby requiring
fewer trade-offs when selecting an optimal A,4,. The intensity constraint allows for the
selection of larger 1,4, (= 0.005), hence a stronger weighting of the adversarial loss, which
performs well across all evaluation metrics, including precipitation intensity, but can also
generate well-calibrated (dispersive) ensembles required for stochastic weather generation.

While we found an optimal range of 4,4, between 0.005 and 0.1, we strongly recommend
thoroughly exploring and testing this hyperparameter during training in different contexts
(i.e. across different regions and variables). We also emphasize the importance of statistical
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constraints for tailored GAN design and the use of climate-relevant evaluation metrics.
Further work will be required to see whether the range of 4,4,, found to succeed here indeed
generalizes to both future climates and across multiple variables.
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