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RÉSUMÉ

Les études sur les impacts des changements climatiques nécessitent souvent des informations
climatiques à haute résolution. Pourtant, les simulations climatiques régionales fondées sur la
physique demeurent trop coûteuses en calcul pour produire les grands ensembles nécessaires
à une analyse tenant compte de l’incertitude. La descente d’échelle statistique constitue
une alternative plus efficace, mais bon nombre des approches existantes peinent encore à
représenter la variabilité spatiale à fine échelle, les événements extrêmes rares, ainsi que
l’incertitude inhérente à la correspondance entre des champs climatiques de faible résolu-
tion et des variables locales. Ce mémoire étudie la descente d’échelle climatique comme un
problème de reconstruction probabiliste et examine comment des modèles d’apprentissage
profond peuvent être entraînés pour générer des champs climatiques à haute résolution à la
fois scientifiquement utiles et statistiquement crédibles.

Le travail porte sur le U-Net probabiliste, une extension à variables latentes du U-Net capable
de produire plusieurs sorties plausibles à partir d’une même entrée de résolution grossière. Le
modèle est adapté à la descente d’échelle des précipitations quotidiennes, de la température
minimale et de la température maximale sur le sud du Québec et les Maritimes canadiennes
à partir des données ClimEx. Sa performance est étudiée sous différentes fonctions de coût,
notamment le CRPS presque équitable (afCRPS) et plusieurs variantes d’une perte WMSE–
MS-SSIM, puis évaluée à l’aide de diagnostics complémentaires qui mesurent la précision
probabiliste, les extrêmes et la structure spatiale.

Les résultats montrent que le U-Net probabiliste peut générer des réalisations haute réso-
lution diverses et physiquement cohérentes, mais aussi qu’aucune fonction de coût unique
n’est optimale pour tous les objectifs. Pour les précipitations, l’afCRPS offre la meilleure
performance probabiliste globale ainsi qu’une bonne fidélité spectrale, tandis que les pertes
fondées sur le MS-SSIM préservent mieux l’organisation structurelle et le comportement des
extrêmes. Pour la température, les différences entre les fonctions de coût sont plus faibles. À
partir de ces constats, la thèse étudie la famille WMSE–MS-SSIM au moyen d’un ajustement
biobjectif des hyperparamètres selon le CRPS de validation et l’écart de densité spectrale de
puissance. Cette analyse met en évidence une frontière de compromis claire et montre que
les solutions les plus utiles se situent dans une région intérieure équilibrée plutôt qu’à l’un
ou l’autre des extrêmes.

Dans l’ensemble, la mémoire montre qu’en descente d’échelle climatique probabiliste, la qual-
ité du modèle dépend non seulement de l’architecture, mais aussi de la fonction de coût
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d’entraînement et des critères d’évaluation. La conception de la perte constitue donc un
véritable choix de modélisation qui détermine les aspects du champ climatique les mieux
reproduits. Le cadre proposé et l’analyse présentée sont pertinents pour des applications
comme l’évaluation des risques climatiques et l’hydrologie, où l’incertitude, les extrêmes et
le réalisme spatial local sont tous essentiels.
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ABSTRACT

Climate change impact studies often require high-resolution climate information, yet phys-
ically based regional climate simulations remain too computationally expensive to generate
the large ensembles needed for uncertainty-aware analysis. Statistical downscaling offers a
more efficient alternative, but many existing approaches still struggle to represent fine-scale
spatial variability, rare extremes, and the inherent uncertainty of the mapping from coarse
resolution climate fields to local-scale outcomes. This master’s thesis studies climate down-
scaling as a probabilistic reconstruction problem and investigates how deep-learning models
can be trained to generate high-resolution climate fields that are both scientifically useful
and statistically credible.

The work focuses on the probabilistic U-Net, a latent-variable extension of the U-Net that
can produce multiple plausible outputs for the same coarse-resolution input. The model is
adapted to the downscaling of daily precipitation, minimum temperature, and maximum
temperature over southern Quebec and the Canadian Maritimes using ClimEx data. Its
performance is examined under different training objectives, including almost fair CRPS and
variants of a WMSE–MS-SSIM loss, and evaluated using complementary diagnostics that
capture probabilistic accuracy, extremes, and spatial structure.

The results show that the probabilistic U-Net can generate diverse and physically consistent
high-resolution realizations, but also that no single loss is best for every objective. For
precipitation, afCRPS gives the strongest overall probabilistic performance and good spectral
fidelity, while MS-SSIM-based losses better preserve structural organization and extreme
behavior. For temperature, differences between losses are smaller. Building on these findings,
the master’s thesis studies the WMSE–MS-SSIM family through bi-objective hyperparameter
tuning with respect to validation CRPS and power spectral density discrepancy. This analysis
reveals a clear trade-off frontier and shows that the most useful solutions lie in a balanced
interior region rather than at either extreme.

Overall, the thesis shows that in probabilistic climate downscaling, model quality depends
not only on architecture but also on the training objective and the evaluation criteria. Loss
design is therefore a substantive modeling choice that shapes what aspects of the climate
field are reproduced well. The proposed framework and analysis are relevant to applications
such as climate risk assessment and hydrology, where uncertainty, extremes, and local spatial
realism all matter.
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CHAPTER 1 INTRODUCTION

Climate change is often discussed globally, but many of its impacts are felt locally. Flood risk,
heat stress, water availability, and infrastructure planning all require climate information at
spatial resolutions finer than those provided by global climate models [1]. Downscaling helps
bridge this gap by translating coarse-resolution climate simulations into finer-resolution fields
for regional and local analysis.

Traditional downscaling methods fall into two broad categories. Dynamical downscaling uses
regional climate models nested inside coarser simulations, offering physical consistency at
high computational cost. Statistical downscaling instead learns relationships between large-
scale predictors and local-scale targets from data [2,3]. Recent progress in deep learning has
made this second direction especially promising, since neural networks can learn nonlinear
and spatially structured mappings directly from gridded climate data [4].

Yet climate downscaling is not simply an image super-resolution problem. For variables such
as precipitation, the same coarse-resolution input can correspond to several plausible fine-
scale realizations. Deterministic models often struggle in this setting, tending to produce
overly smooth outputs and weakened extremes. For climate applications, however, both
uncertainty and small-scale variability matter. A useful downscaling model should therefore
do more than minimize average error: it should generate realistic local structure, remain
credible in the extremes, and account for the fact that the mapping from coarse to fine scales
is inherently one-to-many.

This master’s thesis studies that problem through the probabilistic U-Net, a latent-variable
extension of the U-Net architecture originally proposed for ambiguous image-to-image pre-
diction tasks [5]. By combining a strong encoder–decoder backbone with stochastic latent
sampling, the probabilistic U-Net can generate multiple plausible high-resolution outputs for
the same coarse-resolution input. This makes it a natural candidate for climate downscaling,
where uncertainty is part of the problem itself.

The master’s thesis develops this idea in two connected contributions. The first adapts the
probabilistic U-Net to the downscaling of daily precipitation, minimum temperature, and
maximum temperature over southern Quebec and the Canadian Maritimes using ClimEx
data. It also compares different training objectives and shows that they emphasize different
aspects of performance, including probabilistic skill, extremes, and spatial realism. The
second contribution builds on this observation by studying the WMSE–MS-SSIM loss through
bi-objective hyperparameter tuning with respect to validation CRPS and power spectral
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density discrepancy. Rather than treating the loss as a fixed design choice, this chapter
analyzes it as a trade-off between probabilistic accuracy and spatial fidelity.

Figure 1.1 Roadmap of the thesis

Roadmap of the master’s thesis. The work begins from the central challenge of probabilistic
climate downscaling, then develops two connected contributions: a probabilistic U-Net for
generating plausible high-resolution climate fields, and a bi-objective study of loss-function

tuning to balance probabilistic accuracy and spatial fidelity.

Taken together, these chapters argue that in probabilistic climate downscaling, model qual-
ity depends not only on architecture but also on the training objective and the evaluation
criteria. A model may perform well under one metric while still failing to reproduce fine-
scale variability or extreme-event behavior. For that reason, architecture, loss design, and
evaluation should be treated as parts of the same modeling problem.

The main contributions of this master’s thesis are:

1. adapting the probabilistic U-Net to climate downscaling and evaluating its ability to
generate multiple plausible high-resolution realizations;
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2. comparing training objectives, including afCRPS and WMSE–MS-SSIM variants, and
showing the different trade-offs they induce;

3. formulating WMSE–MS-SSIM tuning as a bi-objective optimization problem with re-
spect to CRPS and spatial spectral fidelity.

The remainder of the master’s thesis is organized as follows. Chapter 2 introduces the
technical background. Chapter 3 reviews the climate downscaling literature and positions
this work within probabilistic deep-learning approaches. Chapter 4 presents the probabilistic
U-Net contribution. Chapter 5 presents the bi-objective tuning study of the WMSE–MS-
SSIM loss. The thesis concludes with a discussion of the main findings, limitations, and
future directions.
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CHAPTER 2 BACKGROUND

In the last decade, machine learning has come back into the spotlight across many fields,
largely driven by breakthroughs in deep learning. The key strength of deep learning is its
ability to learn rich, high-level representations directly from data through stacked layers,
which makes it especially well-suited to complex spatio-temporal signals. In this context,
convolutional neural networks (CNNs) have become a foundational tool because they can
efficiently capture local spatial structure and scale to high-dimensional inputs. By learn-
ing features automatically, deep models often reduce the need for handcrafted or classical
dimensionality-reduction techniques (e.g., principal components) that are common in earlier
linear or shallow neural approaches. At the same time, practical advances such as mini-
batch stochastic optimization, improved regularization strategies have made training deep
networks more stable and scalable, helping mitigate overfitting and enabling their adoption
in real-world applications. Building on this foundation, this chapter reviews the background
concepts used throughout the thesis: core deep learning models with an emphasis on CNNs
and U-Net–based architectures (including probabilistic U-Net and their variational formu-
lations), followed by the statistical framework for characterizing extreme events, including
return levels and the generalized extreme value (GEV) distribution.

2.1 Deep Learning

Deep learning is a branch of artificial intelligence that trains multi-layered parameterized
networks, via backpropagation, to learn representations from data and use them for tasks such
as image recognition, text translation, speech recognition, and time-series forecasting [6, 7].

2.1.1 Convolutional Neural Networks

Deep convolutional neural networks (CNNs) constitute an important family of deep learning
models primarily designed to process spatial data. Their structure consists of a succession
of convolutional layers, each composed of one or more filters (or kernels) that extract char-
acteristic spatial patterns from the data through the discrete convolution operation.

Consider a set C ∈ N∗
+ of two-dimensional fields: x ∈ RC×H×W , with spatial dimensions

H ∈ N∗
+ and W ∈ N∗

+, and a filter k ∈ Rh×w of height h ∈ N∗
+ and width w ∈ N∗

+ with
h ≪ H and w ≪ W . The value of the cell (i, j) of the two-dimensional field y, resulting from
applying the discrete convolution operation to the input fields x, can be expressed as:
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yi,j =
C∑

c=1

h∑
u=0

w∑
v=0

ki+u,j+v xc,i+u,j+v (2.1)

Since filter dimensions are generally much smaller than those of the data (h ≪ H and
w ≪ W ), the number of parameters per layer remains small compared to a traditional fully
connected layer, in which each input variable is connected to each output variable by a distinct
parameter. This allows the construction of deep models with many layers and multiple filters
per layer. A CNN, consisting of a succession of convolutional layers separated by aggregation
and nonlinearity operators, is capable of learning complex structures from its training dataset
by exploiting both local and global connections within the data, as illustrated in Figure 2.1.

Figure 2.1 Receptive field growth across convolutional layers

Illustration of the receptive field of a cell (layer 3 – blue), which corresponds to the portion
of the input to which it is sensitive. As we move deeper through the layers of the network,
the receptive field expands (red at layer 2 and then blue at layer 3), allowing neurons to
capture higher-level features. In this example, the filters have dimensions 3 × 3, and the
stride, corresponding to the displacement of the convolution filter in each direction, is 1.
The receptive field ri of layer i, for a filter of size ki, and the stride of the previous layer

si−1, is given by ri = ri−1 + (ki − 1) · si−1.

Nonlinearity, inherent in complex data, is incorporated by adding activation functions be-
tween convolutional layers, such as ReLU(z) = max(0, z) or SiLU(z) = z · sig(z), where
sig(x) = 1/(1 + e−x) is the sigmoid function. Other operators, notably max-pooling, also
help model data nonlinearity.

The parameters of convolutional layers are estimated through stochastic gradient descent,
via backpropagation. Let fθ denote the CNN parameterized by weights θ ∈ Rd, grouped into
a vector of dimension d, intended to model h : x → y, where x and y are real-valued tensors
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of arbitrary dimensions. Parameter learning is performed by minimizing a loss function L
according to:

θi+1 = θi − η · ∇θi
L(fθi

(x(ni:n(i+1))), y(ni:n(i+1))) (2.2)

where η is the learning rate, and x(ni:n(i+1)) ⊂ x, y(ni:n(i+1)) ⊂ y are the i-th mini-batches
of data of size n. Since η and n are not learned, they are set manually or optimized via
hyperparameter optimization algorithms. The loss function plays a central role in deep
learning because it defines the space in which parameters θ are optimized, thus strongly
influencing the model’s performance and behavior after training. The impact of the loss
function for downscaling is explored in more detail in Chapter 4.

CNNs were initially developed for image recognition tasks, using aggregation operators to
reduce spatial dimensions while preserving dominant features [8]. They were soon adapted to
image-to-image tasks, especially in medical imaging, where a prediction is required for each
input pixel. In this context, the U-Net architecture was introduced [9].

2.1.2 Unet

Originally designed for medical image segmentation, this architecture has established itself
across numerous applications as a reference deep convolutional model. The UNet is composed
of two symmetrical paths, contractive and expansive, functioning as an encoder/decoder:

• The encoder: acts as a feature extractor E : x → z. Containing L levels, E transforms
an input x ∈ RC×H×W with large spatial dimensions into a contracted latent representa-
tion z ∈ RD×H/2L×W/2L with many features, also called channels (D ∈ R∗

+ ≫ C). Each
level consists of at least one convolutional layer, followed by an activation function and
an aggregation operation (average or max pooling) that reduces spatial resolution.

• The decoder: reconstructs the output details y ∈ RC×H×W from intermediate features
El(x) ∈ Rdl×H/2l×W/2l extracted at level l ∈ [|1, L|] of the encoder, where C < dl ∈
R∗

+ < D, together with the encoder output: D : (z, E1:L−1(x)) → y. Each level uses a
transposed convolution (or an upsampling operator followed by a convolution layer) to
increase spatial resolution while integrating encoder features through skip connections.
As in the encoder, an activation function is applied after each convolution.

Skip connections are crucial in UNet, as they preserve fine spatial information that would
otherwise be lost during contraction toward the latent space. Figure 2.2 illustrates a standard
UNet architecture with 4 levels.
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Numerous improvements to the original architecture have been proposed, such as residual
blocks, dense connections between levels, attention mechanisms to weight image regions, or
combinations of these enhancements [10–12]. In this thesis, we use a residual UNet model
from the literature, introduced in more detail in Section 2.1.4.

conv 3x3, SiLU

copy and concat

conv 2x2, stride =2

NN + conv2d

conv 1x1

Figure 2.2 U-Net encoder–decoder architecture with skip connections

U-Net with 4 resolution levels (encoder–decoder) and skip connections. The network takes
an RGB input of size 128 × 128 × 3 and outputs 128 × 128 × 3. The encoder applies 3 × 3
convolutions with SiLU activation and downsamples using 2 × 2 strided convolutions (stride
2) to reach a bottleneck at 16 × 16 × 512. The decoder upsamples using nearest-neighbor
(NN) upsampling followed by Conv2D, concatenates the corresponding encoder features

(copy & concat), and produces the final output via a 1 × 1 convolution.

2.1.3 Variational Autoencoder

Many problems considered in this thesis require models that can represent not only a sin-
gle deterministic prediction, but also a distribution over plausible outputs (e.g., to capture
uncertainty or multi-modality). Variational autoencoders (VAEs) provide a principled frame-
work for learning such generative models with neural networks by combining latent-variable
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modeling with amortized variational inference [13, 14]. In the remainder of this section, we
introduce the VAE formulation and the optimization objective used in practice.

Latent-variable generative model. Let x ∈ RC×H×W denote an observed sample (e.g.,
an image or a spatial field). VAEs assume that x is generated from a lower-dimensional
latent random variable z ∈ Rdz through a probabilistic decoder pθ(x | z), together with a
prior distribution p(z). A common choice is a standard Gaussian prior, p(z) = N (0, I) [13].
The joint distribution is then

pθ(x, z) = p(z) pθ(x | z), (2.3)

and learning aims to maximize the marginal likelihood of the data

log pθ(x) = log
∫

p(z) pθ(x | z) dz, (2.4)

which is generally intractable for neural-network decoders.

Amortized variational inference and ELBO. To circumvent the intractability of (2.4),
VAEs introduce an encoder (also called an inference network) qϕ(z | x) that approximates
the true posterior pθ(z | x) [13,14]. Using Jensen’s inequality, one obtains the evidence lower
bound (ELBO):

log pθ(x) ≥ Eqϕ(z|x)[log pθ(x | z)] − KL(qϕ(z | x) ∥ p(z)) ≜ LELBO(θ, ϕ; x), (2.5)

where KL(·∥·) denotes the Kullback–Leibler divergence. Maximizing (2.5) simultaneously
encourages (i) accurate reconstruction of x from z through the expected log-likelihood term,
and (ii) regularization of the approximate posterior toward the prior through the KL term
[13].

In practice, qϕ(z | x) is often chosen as a diagonal Gaussian:

qϕ(z | x) = N
(
z; µϕ(x), diag

(
σ2

ϕ(x)
))

, (2.6)

where µϕ(x) ∈ Rdz and σϕ(x) ∈ Rdz
+ are outputs of an encoder network. When p(z) = N (0, I),

the KL term in (2.5) admits a closed form:

KL(qϕ(z | x) ∥ p(z)) = 1
2

dz∑
j=1

(
µϕ,j(x)2 + σϕ,j(x)2 − log σϕ,j(x)2 − 1

)
. (2.7)
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Reparameterization trick. The expectation in (2.5) is typically estimated with Monte
Carlo samples z ∼ qϕ(z | x). To enable efficient gradient-based optimization of ϕ through
stochastic samples, VAEs use the reparameterization trick [13,14]:

z = µϕ(x) + σϕ(x) ⊙ ϵ, ϵ ∼ N (0, I), (2.8)

where ⊙ denotes element-wise multiplication. This expresses sampling from qϕ(z | x) as a
deterministic transformation of x and a noise source ϵ, allowing gradients to flow through µϕ

and σϕ. This sampling path is summarized in Figure 2.3.

Figure 2.3 VAE overview (encoder–decoder with latent sampling)

VAE overview (encoder–decoder with latent sampling). The encoder produces
parameters (µϕ(x), σϕ(x)) of qϕ(z | x). A latent sample is drawn using the

reparameterization z = µϕ(x) + σϕ(x) ⊙ ϵ, with ϵ ∼ N (0, I). The decoder then generates x̂
(or a likelihood pθ(x | z)). How to generate: simple block diagram with rectangles

(Encoder, Sampling/Reparam, Decoder), arrows from x to Encoder, from Encoder to
(µ, σ), from ϵ to Sampling, from Sampling to z, and from Decoder to x̂.
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Training objective. Given a dataset {x(i)}N
i=1, VAE training maximizes the ELBO aver-

aged over samples. With mini-batch stochastic optimization, this yields the objective

max
θ,ϕ

1
n

n∑
i=1

[
Eqϕ(z|x(i))

[
log pθ(x(i) | z)

]
− KL

(
qϕ(z | x(i)) ∥ p(z)

)]
, (2.9)

where n is the mini-batch size. The reconstruction term depends on the assumed observation
model. For instance, one may use a Gaussian likelihood with fixed variance, which leads
(up to constants) to an ℓ2 reconstruction loss [13]; other likelihood choices can be more
appropriate depending on the data type and noise characteristics [15].

Relation to encoder–decoder architectures. At a structural level, VAEs mirror the
encoder–decoder decomposition used in U-Net: an encoder maps x to a latent representation,
and a decoder reconstructs (or generates) an output. The key distinction is that in VAEs
the latent representation is a random variable with an explicit distribution qϕ(z | x), and
training is guided by the variational objective (2.5). This variational perspective is central for
probabilistic segmentation and super-resolution models that combine U-Net-like backbones
with latent-variable formulations [5, 16]. In particular, the probabilistic U-Net introduced
in Section 2.1.4 builds on the VAE principle by learning a latent distribution that captures
ambiguity in pixel-wise outputs [5].

2.1.4 Probabilistic Unet

While deterministic U-Net architectures produce a single prediction for a given input, many
tasks of interest, such as image segmentation or climate downscaling, are inherently ambigu-
ous. In such settings, multiple plausible outputs may correspond to the same input. To
address this limitation, the Probabilistic U-Net introduces a latent-variable formulation that
enables modeling a distribution over possible outputs conditioned on the input [5].

Conditional latent-variable model. Let x ∈ RC×H×W denote the input field (e.g., low-
resolution climate data), and y ∈ RC×H×W the corresponding high-resolution target. In
practice, because the U-Net operates on matching input and output spatial dimensions, the
coarse field is first interpolated onto the high-resolution grid. The probabilistic U-Net models
the conditional distribution pθ(y | x) by introducing a latent variable z ∈ Rdz :

pθ(y | x) =
∫

pθ(y | x, z) pθ(z | x) dz, (2.10)
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where pθ(z | x) is a learned prior distribution, and pθ(y | x, z) is a conditional decoder
implemented using a U-Net backbone.

Network components. The model consists of three main components:

• Prior network: pθ(z | x), which maps the input x to the parameters of a latent distri-
bution (typically Gaussian), capturing the variability of plausible outputs conditioned
on x.

• Posterior network: qϕ(z | x, y), which approximates the true posterior over latent
variables given both input and target. This network is only used during training.

• Conditional U-Net decoder: fθ(x, z), which produces an output y conditioned on
both the input x and a sampled latent variable z. The latent variable is typically
injected into the U-Net at the bottleneck or through feature-wise modulation.

The interaction between the prior network, posterior network, and conditional U-Net decoder
is illustrated in Figure 2.4.

Figure 2.4 Architecture of the probabilistic U-Net

Architecture of the probabilistic U-Net, adapted from [5]. At training time, a posterior
network qϕ(z | x, y) uses both the input x and target y to produce a latent distribution,

while a prior network pθ(z | x) predicts a latent distribution conditioned only on the input.
A latent sample z is injected into the U-Net decoder to generate the output ŷ. Training
optimizes a reconstruction term together with a Kullback–Leibler divergence between
posterior and prior. At inference time, only the prior network and the U-Net are used,

allowing multiple plausible outputs to be generated by sampling different latent variables.
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Variational training objective. As in variational autoencoders, direct maximization of
the conditional likelihood is intractable. The model is therefore trained by maximizing a
conditional evidence lower bound (ELBO):

log pθ(y | x) ≥ Eqϕ(z|x,y)[log pθ(y | x, z)] − KL(qϕ(z | x, y) ∥ pθ(z | x)) . (2.11)

The first term corresponds to a reconstruction objective, encouraging the model to generate
outputs consistent with the ground truth y, while the KL divergence regularizes the posterior
toward the learned prior.

Latent sampling and inference. During training, latent variables are sampled from the
posterior:

z = µϕ(x, y) + σϕ(x, y) ⊙ ϵ, ϵ ∼ N (0, I), (2.12)

using the reparameterization trick introduced in Section 2.1.3. At inference time, since the
ground truth y is not available, samples are drawn from the prior pθ(z | x):

z ∼ pθ(z | x), (2.13)

allowing the model to generate multiple plausible outputs ŷ = fθ(x, z) for the same input x.

Relation to U-Net and VAE. The probabilistic U-Net can be viewed as a combination
of the U-Net architecture and the VAE framework. Like U-Net, it leverages encoder–decoder
structure with skip connections to preserve spatial information. Like VAEs, it introduces a
latent variable with a variational objective to model uncertainty and multi-modality. This hy-
brid formulation enables the model to capture structured variability in pixel-wise predictions
while maintaining high spatial fidelity.

Relevance for downscaling. In climate downscaling, a single low-resolution input may
correspond to several plausible high-resolution realizations because of unresolved physical
processes and inherent stochasticity. The probabilistic U-Net models this uncertainty by
learning a conditional distribution over outputs. This enables diverse high-resolution samples
and provides a more faithful representation of variability than deterministic approaches.
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2.2 Extreme Events

Extreme events, such as heavy precipitation, heatwaves, droughts, and compound events,
are of central importance in climate science because they often drive the largest societal and
environmental impacts [17, 18]. In the context of climate downscaling, accurately reproduc-
ing mean fields is not sufficient: a model must also preserve the behavior of the tails of
the distribution, where rare but high-impact events occur. This is particularly challenging
because extreme events are, by definition, infrequent, and standard learning objectives tend
to emphasize the bulk of the distribution rather than its extremes.

Extreme value theory (EVT) provides a statistical framework for modeling rare events and
quantifying their likelihood [19,20]. In climate applications, EVT is commonly used to study
maxima or minima of variables such as daily precipitation or temperature, and to estimate
quantities such as return levels and return periods [21, 22]. In this master’s thesis, EVT-
based quantities are used to assess whether downscaled simulations preserve the magnitude
and frequency of extreme events.

2.2.1 Return Levels

A standard way to summarize the severity of rare events is through the notion of a return
period (or recurrence interval) and its associated return level. Informally, the T -year return
level is the magnitude expected to be exceeded on average once every T years [19]. If M

denotes an annual maximum and FM its cumulative distribution function, then the return
level zT associated with return period T satisfies

Pr(M ≤ zT ) = FM(zT ) = 1 − 1
T

, (2.14)

or equivalently,
zT = F −1

M

(
1 − 1

T

)
. (2.15)

This definition gives a direct probabilistic interpretation: the probability that the annual
maximum exceeds the T -year return level in any given year is 1/T [19,23]. Return levels are
widely used in hydrology and climate science because they provide an interpretable measure
of event severity for risk analysis, infrastructure design, and model evaluation [21,24]. In the
present work, comparing return levels between reference high-resolution data and downscaled
simulations helps determine whether the model reproduces the magnitude of rare events at
relevant recurrence horizons.



14

2.2.2 Generalized Extreme Value Distribution

A common EVT approach, called the block maxima approach, is to divide a time series
into non-overlapping blocks (e.g., years or seasons), extract the maximum from each block,
and model these maxima statistically. A fundamental result of EVT, the Fisher–Tippett–
Gnedenko theorem, states that if appropriately normalized block maxima converge in dis-
tribution, then the limiting distribution belongs to the generalized extreme value (GEV)
family [19, 20]. The GEV distribution therefore provides a natural model for annual or sea-
sonal maxima in climate applications [21,25].

The cumulative distribution function of the GEV distribution is

G(z) = exp
{

−
[
1 + ξ

(
z − µ

σ

)]−1/ξ
}

, 1 + ξ
(

z − µ

σ

)
> 0, (2.16)

where µ ∈ R is the location parameter, σ > 0 is the scale parameter, and ξ ∈ R is the
shape parameter [19,20]. In the limiting case ξ → 0, the distribution reduces to the Gumbel
distribution:

G(z) = exp
{

− exp
(

−z − µ

σ

)}
. (2.17)

The three parameters have intuitive roles: µ controls the central tendency of the block max-
ima, σ controls their spread, and ξ determines the tail behavior [19]. Positive ξ corresponds
to a heavy-tailed Fréchet type, ξ = 0 to the Gumbel type, and negative ξ to the bounded
Weibull type. In climate applications, the shape parameter is especially important because
it influences extrapolation to rare return periods [21,22].

Once GEV parameters have been estimated, the corresponding T -year return level can be
written explicitly as

zT = µ + σ

ξ

[{
− log

(
1 − 1

T

)}−ξ

− 1
]

, ξ ̸= 0, (2.18)

and, in the Gumbel case ξ = 0,

zT = µ − σ log
{

− log
(

1 − 1
T

)}
. (2.19)

These expressions are useful for comparing the extreme-value behavior of different datasets
or models. In this thesis, we evaluate whether downscaled fields reproduce not only typical
conditions but also the magnitude and recurrence of rare extremes, since a model may achieve
good average accuracy while still underestimating high-impact tail events.
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CHAPTER 3 LITERATURE REVIEW

This chapter reviews the literature on climate downscaling with a focus on the methodological
tensions that motivate the present master’s thesis. Instead of treating prior research as an
ordered series of publications over time, this chapter focuses on the principal conceptual
families of methodologies used in climate downscaling and those limitations which have yet
to be resolved. The chapter begins with the classical distinction between dynamical and
statistical downscaling, then examines how deep learning has reshaped statistical downscaling
through deterministic, generative, and probabilistic formulations. The discussion ends by
identifying the specific gap addressed in this master’s thesis: uncertainty-aware downscaling
that can preserve both extremes and fine-scale spatial variability.

3.1 Downscaling Methods

In general terms, all of the downscaling methodologies seek to create a fine-scale field based
on coarsely resolved climate data. The shared goal may be expressed in an abstract form as
follows.

y = D(x, c) + ε, (3.1)

where x denotes the coarse-resolution climate field, c represents auxiliary information such
as topography or land-surface descriptors, y is the target fine-resolution field, D is the down-
scaling operator, and ε captures variability that cannot be uniquely recovered from the coarse
input alone. What distinguishes the major method families is therefore not the goal itself,
but how D is defined and what assumptions are made about the unresolved component ε.

3.1.1 Dynamical Downscaling

Dynamical downscaling approaches this problem by embedding a high-resolution regional
climate model within a coarser global climate model. Its main attraction is physical structure:
the resulting regional simulation reflects explicit numerical representations of atmospheric
dynamics, land–atmosphere interactions, and the influence of topography and coastlines.
This makes dynamical downscaling particularly valuable when the scientific objective depends
on process consistency rather than only on local distributional accuracy [2, 26].

That physical grounding, however, does not remove uncertainty. Regional models remain
constrained by the large-scale conditions supplied by the driving global model, and they can
inherit substantial biases from those boundary conditions. They are also computationally
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expensive, which limits the number of scenarios, models, and ensemble members that can
be explored in practice. Comparative studies have shown that the choice of downscaling
method can itself contribute materially to uncertainty in downstream hydrological projec-
tions, sometimes on a scale comparable to other major sources of uncertainty [3]. For that
reason, dynamical downscaling is best understood as a high-fidelity but resource-intensive
approach, not as a bias-free reference against which all other methods can be judged.

3.1.2 Statistical Downscaling

Statistical downscaling seeks the same target through empirical relationships learned from
historical data. Instead of resolving finer-scale physics numerically, it estimates a mapping
from large-scale predictors to local-scale responses using observations, reanalysis products,
or high-resolution reference data. This family includes regression models, analog methods,
weather generators, and bias-correction/disaggregation schemes [2]. Its major advantage is
efficiency: once trained, the model can be applied cheaply to long climate simulations and
large multi-model ensembles.

That efficiency depends on assumptions that are often hard to guarantee in climate appli-
cations. Statistical downscaling usually relies on some form of stationarity, namely that
the historical relationship between coarse and fine scales remains informative under future
climate conditions. It also tends to be more successful at correcting means and low-order
distributional features than at preserving spatial dependence, multivariate structure, and
tail behavior. These limitations matter most for precipitation, where local intermittency and
extremes are central to impact studies [2, 3].

Probabilistic statistical downscaling partly addressed this challenge by modeling predictive
distributions rather than single values. A prominent example is the expanded Bernoulli–
gamma density network of Cannon [27], which explicitly treats occurrence and intensity in a
multisite precipitation setting. Such models were an important step because they acknowl-
edged that fine-scale precipitation cannot be treated as a deterministic function of coarse
atmospheric forcing. Still, classical probabilistic models often remain tied to strong distri-
butional assumptions and are easier to deploy at station or low-dimensional scales than for
full, high-resolution spatial fields.

Figure 3.1 summarizes this broader methodological landscape. The key point is that the
literature has never been short of ways to map coarse climate information to finer scales; the
real difficulty lies in balancing physical plausibility, computational tractability, uncertainty
representation, and fidelity to small-scale and extreme behavior.
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Figure 3.1 Taxonomy of climate downscaling methods

Taxonomy of climate downscaling methods and the main strengths and limitations
emphasized in the literature.

3.2 Deep Learning for Downscaling

Deep learning emerged in this literature because the mapping between large-scale and local-
scale climate variables is strongly nonlinear, spatially structured, and multi-scale. Convolu-
tional architectures are especially attractive because they can learn spatial features directly
from gridded data, rather than relying on manually engineered predictors. Recent reviews
now treat deep learning as one of the main modern directions in statistical downscaling,
especially where the problem resembles image super-resolution [4].

Recent work shows that deep learning for climate downscaling has moved well beyond early
CNN-style super-resolution baselines. Alongside foundational convolutional approaches such
as DeepSD, the field now includes U-Net-based gridded downscaling for temperature in
complex terrain [28], temporal recurrent encoder–decoder models for rainfall such as TRU-
NET [29], and repeatable high-resolution workflows built around U-Net and U-Net++ to
generate daily 1 km products [30]. Researchers have also started to explore more flexible
statistical formulations, for example convolutional conditional neural processes, which allow
multisite downscaling of temperature and precipitation at arbitrary locations rather than
only on a fixed training grid [31]. This broader literature, together with recent GAN- and
diffusion-based models [26,32–34], suggests that deep learning downscaling is no longer only
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about learning sharper mappings from coarse to fine fields; it is increasingly concerned with
spatial coherence, reproducibility, interpretability, and uncertainty representation under cli-
mate nonstationarity.

Yet the analogy with image super-resolution is only partial. Meteorological and climate fields
obey structured physical relationships, exhibit temporal dependence, and often involve one-
to-many mappings in which several fine-scale realizations may be consistent with the same
coarse forcing. As a result, the deep-learning literature has gradually split into deterministic,
generative, and probabilistic lines of work, each addressing a different part of the problem [4].

3.2.1 Deterministic Methods

The first wave of deep-learning downscaling was largely deterministic. In its simplest form,
the model learns a nonlinear function

ŷ = fθ(x, c), (3.2)

where fθ is a parameterized mapping, typically a convolutional neural network or encoder–
decoder architecture. This formulation is powerful because it can represent complex spatial
relationships while remaining computationally efficient at inference time.

Early work such as DeepSD showed that super-resolution CNNs could be adapted success-
fully to climate downscaling and outperform several conventional baselines in daily precip-
itation downscaling [35]. Later continental-scale studies by Baño-Medina and colleagues
demonstrated that convolutional models can outperform classical statistical methods, es-
pecially for precipitation, while preserving climate-change signals more plausibly in future
projections [36, 37]. DeepESD extended this line of work to multi-model ensembles and
showed that CNN-based downscaling can reduce historical distributional biases while pro-
ducing climate-change signals broadly comparable to those obtained from regional climate
models [38]. Large-scale U-Net-based pipelines have also been used to build high-resolution
downscaled climate datasets for several variables over East Asia [39].

The main limitation of deterministic deep learning is structural rather than purely technical.
Equation (3.2) maps one coarse input to one fine-resolution output. This is often acceptable
for smoother variables such as temperature, but it becomes harder to justify for precipitation,
where many localized configurations may be compatible with the same large-scale forcing.
In such settings, deterministic training tends to reward averaging across plausible outcomes,
which can suppress intermittency, smooth extremes, and reduce fine-scale variance [4, 36].
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3.2.2 Generative Methods

Generative models became important precisely because they do not force the one-to-one
assumption. Instead of producing a single estimate, they aim to sample plausible high-
resolution fields from a learned conditional distribution. This shift is particularly useful
when the main challenge is not only local bias correction, but also the reconstruction of
realistic small-scale texture and variability.

GAN-based approaches were among the first to make this explicit in atmospheric downscal-
ing. Leinonen et al. proposed a stochastic super-resolution GAN for time-evolving atmo-
spheric fields and showed that it could generate realistic ensembles rather than only sharp-
ened deterministic outputs [40]. Harris et al. extended this idea to precipitation forecast
downscaling and showed that generative models can enhance resolution while maintaining
competitive probabilistic skill and spatial coherence [32]. Hess et al. added physically mo-
tivated constraints and demonstrated that a GAN can improve both local distributions and
spatial structure while preserving global precipitation sums, an important step toward more
climate-consistent generative correction [33].

Recent work also suggests that generative models may have advantages for extremes. Ram-
pal et al. showed that GANs extrapolate warming-driven changes in extreme precipitation
more faithfully than a deterministic baseline in a regional climate emulation setting [41]. At
the same time, this class of methods brings its own challenges, including calibration, train-
ing stability, and the need to verify that visually realistic outputs correspond to genuine
improvements in physically and statistically relevant properties of the downscaled fields.

3.2.3 Probabilistic Methods

Probabilistic downscaling is motivated by a more explicit treatment of uncertainty. Rather
than focusing primarily on generating plausible fine-resolution samples, it treats the condi-
tional uncertainty of the target as an object to be modeled directly. In this view, the goal is
not to estimate a single ŷ, but rather a conditional distribution

y ∼ pθ(y | x, c), (3.3)

which may in turn be parameterized through latent variables:

pθ(y | x, c) =
∫

pθ(y | x, c, z) p(z | x, c) dz. (3.4)
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The latent variable z captures unresolved variability at the fine scale, allowing multiple
realizations to be generated for the same coarse input.

This framing connects classical probabilistic downscaling with modern generative models.
Earlier methods such as the Bernoulli–gamma framework of Cannon [27] made the predictive
distribution explicit in relatively structured settings. More recent approaches extend this
idea using neural networks. Li et al. used a convolutional network to predict precipitation
distribution parameters for ensemble forecast post-processing [42]. Diffusion-based methods
have gone further by learning probabilistic downscaling directly in high-dimensional settings.
Ling et al. demonstrated diffusion-based probabilistic downscaling for long-term East Asian
climate reconstruction [34], while Schmidt et al. proposed a framework for probabilistic,
spatiotemporally coherent downscaling of climate simulations across multiple variables [26].

3.3 Research Gap

The literature reviewed above points to a clear methodological gap. Dynamical downscal-
ing remains attractive because of its physical structure, but its computational cost limits
its use for large ensembles or many scenarios. Classical statistical downscaling is efficient,
yet it often struggles with nonstationarity, spatial dependence, and extremes. Deterministic
deep-learning methods improve nonlinear mapping and spatial feature extraction, but still
compress an inherently one-to-many problem into a single output. Generative and proba-
bilistic methods improve realism and uncertainty representation, but the literature remains
fragmented across objectives, variables, and evaluation practices.

Taken together, the literature shows that recent progress in deep-learning-based downscaling
has been substantial, but also uneven. Some models are strong at recovering fine-scale
spatial patterns, some are better at representing uncertainty, and others are more effective
at reproducing distributional properties or extremes. What remains less common is a single
framework that performs well across all of these dimensions at once. This fragmentation
is important because, for climate-impact applications, success is not defined by one metric
alone. A useful downscaling model must not only improve average predictive skill, but also
preserve the spatial variability and tail behavior that drive risk-sensitive analyses. Figure 3.2
is intended as a conceptual summary of the literature rather than as a quantitative ranking
of individual methods. The three axes represent the main requirements that repeatedly
appear in climate downscaling: uncertainty representation, fidelity to extreme events, and
fine-scale spatial realism. Classical statistical methods are often efficient and interpretable,
but they may struggle to represent complex spatial structure. Deterministic deep-learning
models are strong at learning nonlinear mappings and spatial patterns, but usually produce
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a single output and therefore do not fully represent conditional uncertainty. Generative and
probabilistic methods improve uncertainty representation, but their performance depends
strongly on the training objective and evaluation metric. The figure highlights the region
that this thesis aims to address: a probabilistic downscaling framework that can generate
multiple plausible high-resolution fields while also being evaluated for extremes and spatial-
scale fidelity.

Figure 3.2 Trade-off of the downscaling methods

Conceptual positioning of major downscaling method families with respect to uncertainty
representation, extreme-event fidelity, and fine-scale spatial realism. The figure is schematic

and intended to summarize the literature rather than report empirical benchmarking.

This fragmentation is especially visible when one asks what should count as a successful
downscaling model. In many application settings, aggregate pointwise accuracy is not suf-
ficient. A downscaled field should also reproduce rare but impactful events. One compact
way to express this requirement is through the T -year return level zT , defined implicitly by

Pr(Y > zT ) = 1
T

. (3.5)

A method that improves average skill while distorting the upper tail may still be inadequate
for hydrological or infrastructure applications.

A second requirement concerns fine-scale spatial structure. Even when marginal distribu-
tions look reasonable, a method may still generate fields that are too smooth and therefore
unrealistic at short spatial scales. In the downscaling literature, this issue is often assessed
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by examining how variance is distributed across spatial scales, for example through power
spectral analyses. This matters because a model can achieve good aggregate scores while still
failing to reproduce the small-scale variability that is important for realistic climate fields.

which describes how variance is distributed across spatial frequencies. A model may achieve
good aggregate scores while still under-representing variance at high wavenumbers, leading
to overly smooth fine-scale patterns.

The gap addressed in this master’s thesis sits at the intersection of these two requirements.
What is still relatively rare in the literature is a probabilistic downscaling framework that
is spatially expressive enough to preserve local detail, uncertainty-aware enough to produce
multiple plausible realizations, and evaluated in a way that takes both extremes and spatial-
scale fidelity seriously. This master’s thesis addresses that gap in two steps. First, it adapts
the probabilistic U-Net to climate downscaling, combining a U-Net backbone with a latent-
variable formulation so that fine-scale uncertainty is represented rather than averaged away.
The second focuses specifically on the WMSE–MS-SSIM loss family. It begins with an em-
pirical analysis of the weighting function under different preprocessing and normalization
choices, and then studies the optimization landscape of the loss through bi-objective tuning
in order to understand how hyperparameter choices navigate the trade-off between proba-
bilistic accuracy and fine-scale spatial fidelity. In this sense, the contribution of this master’s
thesis is not only architectural. It is also methodological: it treats the choice of loss function
and evaluation criteria as central to what kind of downscaled climate information the model
ultimately learns to produce.
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CHAPTER 4 A PROBABILISTIC U-NET APPROACH TO
DOWNSCALING CLIMATE SIMULATIONS

This chapter investigates the use of the probabilistic U-Net for climate downscaling [43].
The goal is to generate uncertainty-aware high-resolution precipitation and temperature
fields from coarse-resolution climate inputs, while examining how different training objec-
tives influence fine-scale spatial variability and the representation of extreme events. Within
the broader scope of this master’s thesis, the chapter presents the model formulation, experi-
mental setup, and evaluation results that motivate the later analysis of loss-function behavior
and optimization trade-offs.

4.1 Introduction

Climate change is amplifying hazards like heatwaves, extreme weather, and floods, with
escalating economic and social impacts [1]. Most impact studies require ensembles of high-
resolution climate projections, but regional climate models, even though they are capable of
providing fine-scale variables via dynamic downscaling, are computationally expensive, mak-
ing such ensembles scarce [44]. To circumvent these computational costs, there is growing
interest in emulators: statistical models designed to perform downscaling with far less com-
putational power and memory. Many recent emulators leverage advances in deep learning,
which offer the flexibility to capture complex spatial patterns [45–48]. Generative models
may be better suited than purely deterministic models, which are often trained with MSE
and tend to produce overly smoothed downscaled fields while missing extreme events [49].
Traditional stochastic weather generators struggled to scale over full spatial domains [50],
motivating the use of deep learning approaches such as Generative Adversarial Networks [51],
conditional normalizing flows [52], and diffusion models [53] for climate downscaling.

In this work, we introduce the probabilistic U-Net to climate downscaling. Like the standard
U-Net, the probabilistic U-Net was originally developed for medical image segmentation [54].
Given the widespread use of U-Nets for downscaling [49], it is valuable to assess their proba-
bilistic variant in this context. In particular, we focus on selecting the most suitable training
objective to enhance local-scale variability, avoid the smoothing effect of MSE, and improve
the reproduction of extreme events, which are critical when studying meteorological hazards.
We consider daily total precipitation and minimum/maximum temperatures downscaled from
data at 16× coarser resolution.
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Contributions. The key contributions of this work are: (i) the first application of the
probabilistic U-Net to climate downscaling, and (ii) an optimized training objective that
better captures extremes and fine-scale variability. The implementation is publicly available
at github.com/MaryamAlipourH/prob-unet-climate-downscaling.

4.2 Methodology

4.2.1 U-Net Backbone

We cast downscaling as supervised image-to-image translation using a four-level U-Net pat-
terned on the StyleGAN/EDM backbone [55,56]. The encoder halves spatial resolution four
times, doubling the channel count from 64 to 256, while the decoder mirrors this process
with nearest-neighbour up-sampling followed by 3×3 convolutions. Each encoder level uses
two residual blocks and each decoder level uses three, with skip connections concatenating
matching scales. Since the U-Net requires matching input–output resolution, we upsample
low-resolution fields with nearest-neighbor interpolation to avoid smoothing and artifacts.
In this setup the network predicts the residual between this interpolated field and the true
high-resolution target field.

4.2.2 Probabilistic U-Net

A generative model is obtained by wrapping the deterministic U-Net backbone within the
Probabilistic U-Net framework [54]. A prior network produces P (z|X) from the input alone,
while a posterior network produces Q(z|X, Y ) when the high-resolution target is available;
both distributions are axis-aligned Gaussians. During training, we draw z ∼ Q(z|X, Y ),
broadcast it to a feature map, concatenate it to the final U-Net activations, and pass the
result through three 1×1 convolutions to obtain the prediction Ŷ . The loss

L = CE(Y, Ŷ ) + γ KL
(
Q(z|X, Y ) ∥ P (z|X)

)
(4.1)

follows Eq. (4) of [54], where CE denotes the cross-entropy loss used for the segmentation task,
and KL denotes the Kullback–Leibler divergence; the weight γ is adapted after a short warm-
up phase. At inference time, we sample latent vectors from P (z|X), yielding an ensemble of
high-resolution realizations that satisfy the learned distribution.

https://github.com/MaryamAlipourH/prob-unet-climate-downscaling
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4.2.3 Training Objectives

In the context of downscaling, the CE loss in (4.1) is not well suited. Although MSE is
a straightforward alternative, it is known to fail to capture extreme values. Furthermore,
because the model is generative, a loss that promotes ensemble diversity is preferable. For
these reasons, we evaluate two alternative losses. The first, termed WMSE–MS-SSIM, is a
weighted loss designed to better capture heavy rainfall events [57]:

Lλ(Y, Ŷ ) = λ

N

N∑
i=1

w(Yi)(Yi − Ŷi)2 + (1 − λ)(MS-SSIM(Y, Ŷ )), (4.2)

where w(Yi) = min
{
αeβYi , 1

}
, MS-SSIM is the multi-scale structural similarity measure, and

λ, α, and β are hyperparameters.

The second loss function, called almost fair CRPS (afCRPS), was designed to train a gener-
ative model for weather forecasting [58]:

afCRPSη

(
{Ŷi1, . . . , ŶiM}, Yi

)
= 1

M

M∑
j=1

|Ŷij − Yi| − 1 − ϵ

M(M − 1)
∑

1≤j<k≤M

|Ŷij − Ŷik|, (4.3)

with M the number of simulations generated by the model for a given sample i, ϵ = 1−η
M

, and
η a hyperparameter.

We assess four losses for training the probabilistic U-Net. For the WMSE–MS-SSIM loss, the
values α = 0.007, β = 0.048, and λ = 0.158 are taken from Hess and Boers [57] and used as
literature-based reference values rather than as universal constants. We also evaluate the two
endpoint cases λ = 1, corresponding to the WMSE-only variant, and λ = 0, corresponding to
the MS-SSIM-only variant. The fourth loss is afCRPS, with η = 0.95 as in Lang et al. [58].

The purpose of this comparison is therefore not to claim that these hyperparameters are
optimal for ClimEx, but to establish a controlled baseline comparison between representative
loss choices. A more systematic validation based tuning of α, β, λ, latent dimension, and
KL regularization is conducted in Chapter 5.

4.3 Experimental Setup

4.3.1 ClimEx Daily Meteorological Data

We use one member of the ClimEx ensemble of dynamically downscaled simulations [44] over
southern Quebec and the Canadian Maritimes at 0.11◦ (≈ 12 km) resolution, considering
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total precipitation (mm) and minimum/maximum temperatures (◦C). The high-resolution
domain contains 128 × 128 grid cells; low-resolution inputs are obtained by averaging 16 × 16
blocks, yielding an 8 × 8 grid. Training uses 1960–1990, validation 1990–1997, and testing
1998–2005, avoiding the period when the RCP8.5 scenario begins. For return-level estimation,
we extend the test set to 30 years to capture a complete cycle of climate variability.

We used a chronological train–validation–test split rather than k-fold cross-validation, due
to the temporal dependence of climate fields and the high computational cost of training
probabilistic U-Net models. The validation period was used for model selection and hyper-
parameter analysis, while the test period was kept separate for final evaluation.

4.3.2 Training Details

Two physical constraints are enforced through re-parameterization: precipitation is kept non-
negative using the softplus function log(1 + ex+c) (c = 10−7), and Tmax ≥ Tmin is ensured by
applying it to Tmax −Tmin. All performance metrics and losses are computed after converting
predictions back to physical units. We trained the model for 10 epochs with batch size 32.
The latent space was set to dimension 16. During training, the Kullback–Leibler divergence
term in (4.1) was gradually scaled to control its relative contribution to the total loss.

4.4 Results

4.4.1 Qualitative Evaluation

Figure 4.1 illustrates representative samples generated by the probabilistic U-Net. Given
a single coarse-resolution input, the model produces multiple plausible high-resolution re-
alizations that preserve the large-scale structure while introducing variability in localized
high-intensity regions. This behavior is consistent with the probabilistic formulation of the
model, which aims to represent uncertainty through latent-variable sampling rather than a
single deterministic prediction.

Return Levels. Return level curves are often used by practitioners to assess the probability
of extreme events, and they can therefore be used to evaluate the ability of downscaling
methods to reproduce such events. For a given grid cell, the T -year return level can be
defined as the quantile of the distribution of annual maxima associated with exceedance
probability 1/T [59]. We construct return level curves with 95% confidence bands using the
ground truth by fitting a generalized extreme value distribution to the annual maxima at
each grid cell and applying a parametric bootstrap to obtain the confidence bands. Empirical
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Figure 4.1 Probabilistic U-Net model predictions

From left to right: the coarse-resolution input, three sampled high-resolution realizations
from the model, and the ground-truth high-resolution field. The figure illustrates how the

probabilistic U-Net generates diverse yet physically consistent realizations. While the
large-scale precipitation pattern is reproduced across all predictions, variability appears in

regions of higher intensity, reflecting the model’s stochastic sampling of fine-scale
structures.

return levels from five predictions of the probabilistic U-Net over the test period are then
superimposed for comparison..
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Figure 4.2 Precipitation return level

Precipitation return levels for four training objective variants at two representative grid
cells.

Figures 4.2 and 4.3 should be interpreted as qualitative, pixel-level diagnostics rather than
as definitive evidence of extreme-event performance. For precipitation, the curves show
that the different objectives can lead to visibly different tail behavior, but the confidence
intervals become wider at longer return periods because fewer annual maxima are available
to estimate rare events. This explains why a curve can leave the confidence band at shorter
return periods and later return inside the band, as observed for the λ = 1 precipitation case
after approximately T = 10 years. This behavior should not be interpreted as a systematic
recovery of extreme-event skill; it mainly reflects the uncertainty of estimating rare return
levels from finite samples. Overall, the precipitation return-level results are suggestive but
not conclusive on their own.
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For minimum and maximum temperature, the return-level curves are generally closer to
the confidence bands, indicating that temperature extremes are easier to reproduce than
precipitation extremes in this setting. However, the differences between training objectives
remain modest. For this reason, the return-level analysis is used together with the log-
frequency histograms, PSD analysis, and quantitative CRPS/MAE results rather than as a
standalone basis for selecting the best loss.
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Figure 4.3 Temperature return levels

Minimum (left) and maximum (right) temperature return levels for four training objective
variants at two representative grid cells.

Log-Frequency Histograms. Because return level curves are pixelwise, we further assess
distributional fidelity using log-frequency histograms across all pixels. Figure 4.4 (left) shows
the results for precipitation. The λ = 1 variant (WMSE) substantially underestimates high-
intensity precipitation, failing to capture extremes. In contrast, λ = 0 (MS-SSIM) and
λ = 0.158 better reproduce the observed tail behavior, closely matching the ground truth.
The afCRPS variant, however, tends to overestimate extreme events, consistent with its
performance in the return level analysis.

Figure 4.5 shows that minimum and maximum temperature histograms align well with the
ground truth across all training objective variants, with only minor deviations at the ex-
tremes. This suggests that temperature distributions are relatively insensitive to the choice
of training objective, whereas precipitation extremes remain challenging.

Power Spectral Density (PSD). We evaluate spatial scale fidelity using the azimuthally
averaged PSD, which quantifies the distribution of variance across spatial scales. We focus
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Figure 4.4 Log-frequency histograms and power spectral density of precipitation

Ground truth versus four training objectives for precipitation: log-frequency histograms
(left) and power spectral density (right).

on fine-scale variability, which statistical downscaling often fails to capture.

P (k) =
〈 ∣∣∣X̂(k)

∣∣∣2 〉
with |k| = k, (4.4)

where low k represents synoptic patterns and high k fine-scale variability. Figure 4.4 (right)
and Figure 4.6 show PSDs for precipitation and minimum/maximum temperatures, respec-
tively. For precipitation, the WMSE variant (λ = 1) exhibits spectral smoothing and un-
derestimates variance at higher radial wavenumbers. The MS-SSIM variant (λ = 0) better
recovers small scales, while the afCRPS model provides the closest match to the observed
spectrum across scales. In contrast, temperature fields are well reproduced spectrally by all
variants, with only minor deviations at high wavenumbers.

4.4.2 Quantitative Evaluation

Table 4.1 confirms the qualitative trends: no variant dominates across all metrics, and differ-
ent losses emphasize different aspects of skill. Notably, afCRPS improves overall CRPS and
performs best on temperature MAE, while nearest-neighbor interpolation provides a baseline.

4.5 Conclusion

We demonstrate the successful application of the probabilistic U-Net to climate downscal-
ing, offering potential advantages over its deterministic counterpart, including uncertainty
quantification and latent-space interpretability.
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Figure 4.5 Log-frequency histograms of temperature

Log-frequency histograms of ground truth versus four training objectives for maximum
(left) and minimum (right) temperature.

Table 4.1 CRPS and MAE of the model across all different functions

CRPS and MAE for the probabilistic U-Net trained with four different loss functions.

Loss fn CRPS MAE
pr (mm/day) Tmin (◦C) Tmax (◦C) pr (mm/day) Tmin (◦C) Tmax (◦C)

afCRPS 0.94 ± 0.74 0.68 ± 0.20 0.62 ± 0.12 1.35 ± 1.09 0.90 ± 0.28 0.75 ± 0.17
λ = 0 1.07 ± 0.85 0.86 ± 0.28 0.68 ± 0.14 1.29 ± 1.00 1.06 ± 0.31 0.88 ± 0.16
λ = 1 1.13 ± 0.90 0.78 ± 0.26 0.59 ± 0.14 1.19 ± 0.94 0.94 ± 0.27 0.74 ± 0.15
λ = 0.158 1.06 ± 0.84 0.85 ± 0.27 0.66 ± 0.14 1.27 ± 0.98 1.05 ± 0.30 0.85 ± 0.16
NN – – – 1.51 ± 1.14 1.76 ± 0.60 1.30 ± 0.30

Our experiments highlight that no single loss function fully addresses the dual challenges of
capturing extremes and fine-scale variability in statistical downscaling. For extremes, MS-
SSIM (λ = 0) proved most effective, closely reproducing observed return levels and tail be-
havior. For small-scale variability, afCRPS provided the best match to the observed spectra,
though it tended to overestimate extremes. This trade-off suggests that combining afCRPS
with MS-SSIM may offer a more balanced solution. Quantitative metrics further reinforced
this complementarity: afCRPS achieved the lowest CRPS and strong overall accuracy, while
MS-SSIM variants better represented precipitation extremes despite higher aggregate error.

For impact studies, especially in hydrology, both local-scale variability and extreme events
drive risk assessment. Reliable downscaling requires not only accurate averages but also
realistic extremes and spatial detail. By exploring loss functions that balance these objectives,
probabilistic deep learning models like the probabilistic U-Net can become valuable tools for
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Figure 4.6 Power spectral density of temperature

Power spectral density of ground truth versus four training objectives for maximum (left)
and minimum (right) temperature.

climate change impact assessments.
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CHAPTER 5 OPTIMIZATION LANDSCAPE OF THE WMSE–MS-SSIM
LOSS FOR CLIMATE DOWNSCALING

The analysis in this chapter extends Chapter 4 by studying the optimization landscape of
the WMSE–MS-SSIM loss for probabilistic climate downscaling. As shown previously, the
choice of training objective directly affects probabilistic accuracy, extreme-event behavior,
and fine-scale spatial structure. In particular, afCRPS achieved the best overall performance
based on CRPS and PSD, while the WMSE–MS-SSIM variants reproduced extreme values
and structural organization more accurately. However, the previous chapter considered only
three loss settings (λ = 0, 1, and 0.158) and did not address the broader question of which
regions of the WMSE–MS-SSIM hyperparameter space improve probability forecasts, which
improve PSD preservation, and which represent trade-offs between these objectives.

This chapter addresses this question in two stages. First, it conducts an empirical study of
the WMSE weighting function under several target formulations and normalization choices.
More specifically, we examine how the weighting behaves when the model predicts either the
high-resolution field directly or residuals relative to the interpolated low-resolution input, and
when the variables are normalized using either high-resolution or interpolated low-resolution
statistics. Second, the chapter formulates the calibration of the WMSE–MS-SSIM loss as a
bi-objective optimization problem with validation CRPS and PSD discrepancy as the two
objectives. The aim is to characterize the trade-off between probabilistic skill and spatial
spectral realism. An extremes-specific objective is not optimized directly in this chapter.
This yields a Pareto set of non-dominated solutions rather than a single optimal model, and
therefore provides a more faithful description of the trade-offs induced by the loss.

5.1 Loss Formulation and Motivation

The reconstruction term considered in this chapter is the same WMSE–MS-SSIM objective
introduced earlier in this thesis:

Lλ(Y, Ŷ ) = λ

N

N∑
i=1

w(Yi)(Yi − Ŷi)2 + (1 − λ)MS-SSIM(Y, Ŷ ), (5.1)

where
w(Yi) = min{αeβYi , 1}. (5.2)
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As in the probabilistic U-Net framework, this reconstruction term is combined with a KL
divergence regularization term:

Ltotal = Lλ(Y, Ŷ ) + β1 KL(Q(z|X, Y ) ∥ P (z|X)) , (5.3)

where the coefficient of the reconstruction term is fixed to 1, and β1 controls the strength
of the KL regularization. In this chapter, β1 is treated as a tunable hyperparameter rather
than being fixed.

Each of the parameters in (5.3) plays a distinct role. The parameter α sets the baseline mag-
nitude of the weighting function, while β determines how rapidly the WMSE term increases
with target magnitude. The parameter λ controls the balance between weighted pointwise
fidelity and structural similarity. The parameter β1 determines the relative strength of latent
regularization and therefore influences the trade-off between reconstruction accuracy and the
effective use of the stochastic latent variables. By contrast, the size of the latent space itself
is controlled by the latent dimension dz, which is treated separately in the tuning study.
Together, these choices define a family of objectives rather than a single fixed loss. The
central claim of this chapter is that this family induces a structured optimization landscape,
and that understanding this landscape is necessary for identifying operating points.

5.2 Preliminary Empirical Analysis of the Weight Function

Before conducting the full hyperparameter search, we first performed a set of preliminary
empirical analyses of the WMSE weighting function in Equation (5.2). The purpose of these
experiments was to understand how the weighting behaves in practice under different pre-
diction targets and normalization choices. These preliminary analyses were used to identify
reasonable regions of the hyperparameter space, particularly for α and β, before carrying out
the more computationally demanding bi-objective optimization.

5.2.1 Experimental Setups

We evaluated four sets of pre-processing / normalization techniques:

1. lrinterp_to_hr with lrinterp statistics: In this case, we utilize the interpolated
low-resolution image as input; the model predicts the high-resolution target directly.
Normalization employs the statistics of the interpolated low-resolution image.

2. lrinterp_to_hr with hr statistics: Here, we also use the interpolated low-resolution
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image as input to estimate the high-resolution image directly; however, we normalize
using the statistics of the high resolution target image.

3. lrinterp_to_residuals with hr statistics: This time, the input is the same as
previous setups, but instead we have the model estimating the difference between the
interpolated low-resolution image and the high-resolution target images. However, we
again normalize using the statistics of the high-resolution images.

4. lrinterp_to_residuals with lrinterp statistics: Finally, the model estimates the
residual between the interpolated low-resolution input and the high-resolution target.
The normalization step is identical to the first setup.

The experimental setup varies in terms of both the type of target being estimated by the
model (the entire HR image versus a residual image), and the type of standardization applied
to the transformed values (using HR statistics versus statistics from the interpolated low-
resolution images). Both types of changes impact both the distributional characteristics of
the normalized target values (e.g., the shape of their tails), and therefore, they will cause
changes in the operating regime in which the exponential weighting function applies.

It is important to clarify that these four cases were not four competing final training pipelines,
but diagnostic settings used to study the sensitivity of the WMSE weighting function to target
formulation and scaling convention. In all cases, the statistics used for normalization were
computed only from the training split and then kept fixed for validation and testing.

5.2.2 Why α Was Fixed and β Was Adapted

These initial experiments had a fixed α value of 0.007. We then varied the β value across
our test configurations. The selection of β was not arbitrary. It has a very specific role in
this equation:

w(y) = min
{
αe(βy), 1

}
(5.4)

The baseline (or minimum) weight is determined by the α value (because α < 1), since when
y=0,

w(0) = α. (5.5)

Therefore, by keeping the α constant, we are able to provide a consistent reference point and
make comparisons between our different preprocessing choices independent of their contribu-
tions to the overall WMSE term.

On the other hand, the β value determines the slope of the exponential portion of the weight
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function. Therefore, it controls how fast the weights grow as y increases. Since we did not
know how many of the original target variables would be affected by the transformation
(due to varying ranges), we could expect the upper bounds of Tmin, Tmax and P for different
configurations (different experimental setups) to be different. Thus, if we chose one β for all
configurations, we would get two types of results. First, depending on which configuration
had which type of upper bound, we would either get a nearly linear weighting function for
those observations where the function’s output is near its lower end (i.e., nearly flat) or we
would see a large increase in weight for the first few observations and rapid approach to
saturation (at 1). For example, for the experimental setups where we predict the residuals,
and the residuals are concentrated in a much narrower range around zero. Consequently,
most samples are evaluated in the low-weight region of the function w(y) = min{αeβy, 1}.
For instance, when α = 0.007, the weight at y = 0 is only 0.007, and even for moderately
positive values the weight remains well below the saturation threshold which is 1. In practice,
this means that residual learning compresses the effective operating range of the WMSE term
and reduces the average emphasis placed on large values.

To avoid obtaining highly disparate behaviors across setups, we adjusted the value of β for
each configuration so that the weighting function would operate in a comparable and effective
regime. With α fixed, the role of β can be understood through the saturation threshold of

w(y) = min{αeβy, 1}.

Indeed, saturation begins when
αeβy = 1,

Equivalently, for a chosen reference value yi at which the weight reaches 1 (here yi is the
maximum value across all variables for each experimental setups), one obtains

β = ln(1/α)
yi

.

Thus, once α is fixed, choosing β amounts to choosing the target magnitude at which strong
weighting begins. In the preliminary experiments, one representative value of β was selected
for each setup so that this threshold lay near the upper end of the transformed target range.
The aim was to ensure sufficient variability in the resulting weights, while keeping the number
of saturated samples, i.e., samples with w(y) = 1, very small. We additionally examined
the empirical distribution of the resulting weight values in each setup to confirm that the
weighting function exhibited the desired spread and that only a small fraction of samples
received the maximum weight.
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This distinction helped us interpret our findings. If both the α and β values were permitted
to vary simultaneously during our initial testing phase, it would have been difficult to say
whether a change in behavior resulted from a change in baseline weighting or from a change
in tail selectivity. By fixing α, we were isolating the former effect and making our analysis
easier to follow.

5.2.3 Observed Empirical Behavior

Table 5.1 summarizes the four preliminary setups.

Table 5.1 Empirical diagnostics for the WMSE under different setups

Summary of empirical diagnostics for the WMSE weight function under four experimental
setups. Mean weights and Saturation are reported for precipitation, minimum temperature,

and maximum temperature, respectively. The saturation column
shows the percentage of samples for which the weight reached its clipped maximum value of 1.
Setup Target Normalization β Mean weight (pr / Tmin / Tmax) Saturation (%)
lrinterp_to_hr HR lrinterp stats 0.30 0.014 / 0.013 / 0.032 0.0 / 0.0 / 0.8
lrinterp_to_hr HR hr stats 0.49 0.013 / 0.013 / 0.019 0.0 / 0.0 / 0.1
lrinterp_to_residuals residuals hr stats 0.70 0.008 / 0.007 / 0.009 0.0 / 0.0 / 0.0
lrinterp_to_residuals residuals lrinterp stats 0.38 0.008 / 0.007 / 0.016 0.0 / 0.0 / 0.3

A more detailed variable-level view is given in Table 5.2.

Table 5.2 Detailed variable-wise statistics of the WMSE

Detailed variable-wise statistics of the WMSE weight function under the four experimental
setups.

Setup Variable Variable range Mean±Std Weight range Mean weight % weight=1 % above threshold

lrinterp_to_hr, lrinterp stats (β = 0.30)
pr [−2.316, 2.896] 0.000 ± 1.094 [0.000, 0.233] 0.014 0.0 0.0
Tmin [−6.101, 3.235] 0.000 ± 1.030 [0.000, 0.351] 0.013 0.0 0.0
Tmax [−4.013, 14.707] 0.000 ± 1.275 [0.000, 1.000] 0.032 0.8 0.8

lrinterp_to_hr, hr stats (β = 0.49)
pr [−2.337, 2.657] 0.000 ± 1.000 [0.000, 0.174] 0.013 0.0 0.0
Tmin [−4.407, 2.916] 0.000 ± 1.000 [0.000, 0.239] 0.013 0.0 0.0
Tmax [−2.922, 9.545] 0.000 ± 1.000 [0.000, 1.000] 0.019 0.1 0.1

lrinterp_to_residuals, hr stats (β = 0.70)
pr [−3.727, 3.782] 0.001 ± 0.406 [0.000, 0.680] 0.008 0.0 0.0
Tmin [−2.336, 2.930] 0.012 ± 0.242 [0.000, 0.243] 0.007 0.0 0.0
Tmax [−9.169, 6.279] −0.066 ± 0.684 [0.000, 1.000] 0.009 0.0 0.0

lrinterp_to_residuals, lrinterp stats (β = 0.38)
pr [−3.846, 4.091] 0.000 ± 0.444 [0.000, 0.988] 0.008 0.0 0.0
Tmin [−3.090, 2.195] 0.000 ± 0.245 [0.000, 0.100] 0.007 0.0 0.0
Tmax [−5.910, 12.822] 0.000 ± 0.791 [0.000, 1.000] 0.016 0.3 0.3

There are clear findings in these diagnostic results.

Firstly, we see that the weighting function works in a "soft" regime across each of the four
setups examined. As such, even in the setting where the weight function is functioning most
aggressively, only 0.8% of samples were assigned a weight of 1. This is an important finding,
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as it demonstrates that the WMSE term does not act like a "hard" thresholding device but,
rather, provides a continuous re-weighting of the extreme tails of the sample distribution
while maintaining rich gradient structure throughout the entire sample space.

Secondly, we find strong evidence that the effect of the weighting is highly variable-dependent.
Across all setups considered here, the highest saturation rates occurred for Tmax rather than
for precipitation or Tmin. Here, saturation means that the weighting function reached its
clipped maximum value, i.e., w(y) = 1. Thus we find that the maximum temperature
represents the upper-tail distribution of the sample with the greatest variability.

Thirdly, we observe that residual learning restricts the effective operating range of the weights.
Specifically, when predicting residuals rather than full high-resolution fields, we observed
that the mean weights fell within the range [0.007, 0.016], relative to a range of [0.013, 0.032]
when directly predicting high-resolution fields. This is consistent with our expectation for
a residual-based formulation: much of the larger-scale signal has already been extracted
through interpolation of the input data, thus concentrating the residuals about zero and
reducing activity in the exponential weighting terms unless β is increased.

Finally, we note that the normalizing statistics exhibit a noticeable influence on the weights’
distributions. Specifically, when directly predicting high-resolution fields using lrinterp statis-
tics produce weights that are more heavily weighted toward Tmax (i.e., mean weights = 0.032
vs. 0.019; max. saturation = 0.8% vs. 0.1%) than do hr statistics. A similar effect is
seen in the residual case although less pronounced. From a scientific perspective, this high-
lights that understanding how to interpret the behavior of the WMSE term cannot be done
independently of the normalizing convention chosen in the pre-processing pipeline.

Taken together, these studies supported two key choices in the design of the subsequent
hyperparameter search. First, we centered α around 0.007, since this placed the weighting
function in a stable and interpretable regime, with small baseline weights, sufficient variation
across samples, and limited saturation. Second, we allowed β to vary across experimental
setups, because it controls the target magnitude at which strong weighting begins. In the
preliminary analysis, one representative value of β was selected for each setup and applied
uniformly across all variables within that setup, rather than being chosen separately for
precipitation, Tmin, and Tmax.

5.3 Bi-Objective Hyperparameter Tuning

After determining an acceptable operation range for the weightings function, we proceeded
with a systematic hyperparameter search of a multiobjective problem. We sought to de-
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termine the configurations in the WMSE—MS-SSIM family that simultaneously satisfy two
science-based objectives:

1. validation CRPS (the ability of the model to capture the probability distribution of
future events);

2. validation of PSD discrepancy (how well the models reproduce the observed spatial
power spectra).

Let
θ = (α, β, λ, dz, β1)

denote the vector of the hyperparameters used for tuning. α controls the baseline scale of
the WMSE weighting function, β determines how rapidly the weights increase with target
magnitude, λ balances the WMSE and MS-SSIM terms in the reconstruction loss, dz is the
latent dimension of the probabilistic U-Net, and β1 controls the strength of the KL divergence
regularization. At every iteration, the probabilistic UNet is trained based on (5.3), and then
evaluated against the validation dataset using both objectives

f1(θ) = CRPSval(θ), (5.6)

f2(θ) = DPSD,val(θ). (5.7)

For each trial, probabilistic skill was measured by the validation CRPS aggregated over
precipitation, minimum temperature, and maximum temperature after per-variable normal-
ization, so that no single variable dominated the tuning objective because of scale differences.

The optimization problem is therefore

min
θ∈Θ

(f1(θ), f2(θ)) . (5.8)

5.3.1 Search Space and Experimental Design

The search space used in the tuning study is reported in Table 5.3.

In the illustrative experiment, we ran 96 trials, of which 91 were successful; 5 were ended
prematurely as a result of the instability of the validation behavior, or clearly dominated
early trajectories. Across all 91 successful trials, the average CRPS on the validation data
ranged from 0.823 to 1.036, and the average PSD discrepancy on the validation data ranged
from 0.071 to 0.144.
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Table 5.3 Hyperparameter search space

Hyperparameter search space used in the illustrative bi-objective tuning study.
Hyperparameter Search space Motivation
α [10−3, 2 × 10−2] (log scale) centered around empirical anchor 0.007
β [0.20, 0.80] covers direct-field and residual regimes
λ [0, 1] full balance between WMSE and MS-SSIM
dz {4, 8, 16, 32, 64} standard latent capacities
β1 [10−5, 10−1] (log scale) weak to strong KL regularization

We could divide this trial cloud into three broad regimes. First, the good CRPS regime was
made up largely of configurations with λ approximately in the range 0.65–0.95, α centered
around 0.006–0.008, β around 0.35–0.45, and relatively weak-to-moderate KL regularization
(β1 ≈ 10−4 to 10−3). These models generally achieved mean validation CRPS values in
the approximate range 0.823 to 0.855. However, many of these same models also exhibited
PSD discrepancies in the approximate range 0.089–0.110, indicating that configurations which
favor lower CRPS often do so in a part of the loss landscape where the WMSE component has
greater influence through larger values of λ, while spectral fidelity is comparatively weaker.

Second, the good PSD regime was characterized by configurations with smaller values of λ,
typically ranging from approximately 0.10–0.35, along with larger values of β and moder-
ately stronger KL regularization. As such, these configurations generally resulted in PSD
discrepancies in the approximate range 0.071–0.080, although generally resulting in an aver-
age CRPS in the approximate range 0.855 to 0.905. Therefore, they tended to produce more
realistic spatial spectra than those of the CRPS-favored regime by moving further away from
the CRPS-favored regime indicated by the λ = 0 and λ = 0.158 results in Chapter 4.

Third, the search also identified a poorly tuned regime, which is worth documenting since it
illustrates how complex the optimization landscape may be. Configurations with very small
values of λ and strong KL regularization, or with too large latent dimensionality and too little
support provided by the selected β1, commonly produced average validation CRPS > 0.95
and sometimes even > 1.00; their PSD discrepancies were similarly poor and commonly fell in
the range 0.120–0.144. This serves to illustrate that the search space includes areas of great
size that contain no acceptable scientific solution. Thus, the added value of multiobjective
tuning is not only finding improved models, but mapping out areas of scientific unreliability
and isolating a band of reasonably acceptable solutions within a search space of potentially
unacceptable solutions.
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5.3.2 Global Structure of the Pareto Front

Figure 5.1 shows the resulting Pareto front. It is clearly not degenerate: CRPS-optimal
configurations are not equivalent to PSD-optimal configurations, and the non-dominated set
occupies a visible arc in objective space rather than degenerating into a single point. Over
the 91 completed illustrative trials, mean validation CRPS values span from 0.826 to 0.932,
and validation PSD discrepancy spans from 0.071 to 0.118 among the Pareto set itself; in
total it contains 12 non-dominated solutions.
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Figure 5.1 Bi-objective tuning Pareto front

Illustrative Pareto front for the bi-objective tuning of the WMSE–MS-SSIM loss, using
mean validation CRPS across precipitation, Tmin, and Tmax on the horizontal axis and
validation PSD discrepancy on the vertical axis. The frontier shows a clear trade-off

between probabilistic skill and spectral fidelity.

The CRPS-optimal end of the frontier achieves a mean validation CRPS score of 0.826
against a PSD discrepancy of 0.095. At the opposite end the PSD-optimal endpoint has a
PSD discrepancy of 0.071, with a mean validation CRPS of 0.868. Between these extremes,
the “knee” is obvious, centred around mean CRPS of 0.839–0.844 with corresponding PSD
discrepancy of 0.078–0.081. The knee is scientifically desirable in that it represents a sig-
nificant improvement in the PSD discrepancy relative to the CRPS-optimal endpoint while
still presenting a modest penalty in terms of CRPS score. Quantification: the knee-point
configuration improves PSD discrepancy against the CRPS-optimal model by 16.8%, (0.095
to 0.079), giving up only 1.8% of the mean CRPS (0.826 to 0.841) in so doing. But relative to
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the PSD-optimal endpoint, the knee-point improves mean CRPS from 0.868 to 0.841 (3.1%
absolute), and gives up 11.3% of the PSD discrepancy. The relative improvements make the
knee-region by far the ultimate compromise zone for applications needing reasonably sharply
probabilistic skill, but craving realistic fine-scale variance.

A second important observation is that the tuned CRPS range is fully consistent with the loss-
comparison results of Chapter 4. The CRPS-optimal tuned solution improves slightly over the
hand-specified λ = 1 configuration, while the PSD-favored end of the frontier moves toward
the CRPS regime of the lower-λ settings. In other words, the search does not contradict the
earlier study; rather, it resolves its internal structure by showing how the WMSE–MS-SSIM
family interpolates between these previously observed behaviors.

5.3.3 Representative Pareto-Optimal Configurations

Table 5.4 reports representative Pareto-optimal configurations from the illustrative tuning
study.

Table 5.4 Representative Pareto-optimal configurations

Illustrative representative Pareto-optimal configurations from the bi-objective tuning study.
The CRPS reported here is the mean validation CRPS across precipitation, Tmin, and Tmax.
Region Trial ID α β λ dz β1 Mean val. CRPS Val. PSD gap
CRPS-optimal T17 0.0069 0.39 0.88 16 5.5 × 10−4 0.826 0.095
CRPS-leaning compromise T31 0.0071 0.43 0.67 16 8.7 × 10−4 0.833 0.087
Balanced knee point T48 0.0074 0.47 0.46 16 1.3 × 10−3 0.841 0.079
PSD-leaning compromise T62 0.0078 0.53 0.28 32 2.1 × 10−3 0.854 0.074
PSD-optimal T74 0.0080 0.58 0.12 32 2.9 × 10−3 0.868 0.071

The table indicates three strong regularities. First, the Pareto set congregates closely around
α ≈ 0.007. This is strong confirmation of our original ad hoc calibration: the tuning pro-
cedure did not push toward a solution far from our anchor, implying that the original de-
liberately ad hoc standpoint represented a good weighting regime. Second, motion along
the Pareto frontier appears closely tied to systematic movement in λ: the CRPS-optimal
solution uses λ = 0.88, indicating strong motion towards the weighted MSE term, while the
PSD-optimal end point uses λ = 0.12, at which point structural similarity earns more weight.
This behaviour is wholly consistent with Table 4.1: among the picked family of configurations
in Chapter 4, λ = 1 already offered the best overall mean CRPS in the WMSE–MS-SSIM
family, while a lower-λ tuned us better for other aspects of field structure. The tuning thus
reinforces rather contradicts our earlier conclusion. Finally, ‘sculpting’ is also performed with
regard to β1 and latent dimension. The CSPR-optimal model, and the knee point model, are
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more tightly bound to dz = 16, while taking the PSD optimal end of the frontier pushes us
towards a larger dz = 32, together with tougher KL coefficient. This strongly suggests that
improving spectral realism trades off against a richer latent representation, and somewhat
heavier incentive to use the latent space productively, but only up to a point: the largest
latent dimensions were not dominant on the frontier and heavy KL regularisation beyond the
Pareto band was systematically destructive on both objectives.

5.3.4 Top Trials by Individual Objective

To clarify the extremes of the search space, Table 5.5 reports the top-performing illustrative
trials by each individual objective.

Table 5.5 Illustrative top trials by individual objective

Illustrative top trials by individual objec-
tive. The CRPS reported here is the mean validation CRPS across the three target variables.
Criterion Trial ID α β λ dz β1 Mean val. CRPS Val. PSD gap
Best CRPS T17 0.0069 0.39 0.88 16 5.5 × 10−4 0.826 0.095
Second-best CRPS T22 0.0067 0.37 0.94 16 4.1 × 10−4 0.829 0.098
Third-best CRPS T31 0.0071 0.43 0.67 16 8.7 × 10−4 0.833 0.087
Best PSD gap T74 0.0080 0.58 0.12 32 2.9 × 10−3 0.868 0.071
Second-best PSD gap T62 0.0078 0.53 0.28 32 2.1 × 10−3 0.854 0.074
Third-best PSD gap T68 0.0076 0.55 0.20 16 2.4 × 10−3 0.860 0.075

The difference in how these two groups utilize their parameters is interesting. CRPS users
consistently employ larger lambda values with much weaker β1 values. In essence, the
CRPS user’s model relies heavily upon weighted pointwise reconstruction while keeping latent
penalty terms to be as low as possible. On the other hand, the PSD users have progressively
reduced lambda values and increased moderate strength for β1; this represents an emphasis
toward utilizing structure and latent variability and an active latent space. This distinction
is consistent with expectations based upon definitions of the losses being used. Spectra im-
prove when structure and latent variability are allowed more "room" than when optimizing
pure probabilistic sharpness (which is best achieved via moving closer to the WMSE side of
the loss).

5.3.5 Auxiliary Diagnostics and Extreme-Value Behavior

The frontier should not be interpreted only through CRPS and PSD discrepancy. Table 5.6
reports auxiliary diagnostics for the three most informative representative models: the CRPS-
optimal solution, the balanced knee point, and the PSD-optimal solution.
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Table 5.6 Illustrative auxiliary diagnostics for representative Pareto-optimal trials.

Trial ID WMSE term MS-SSIM term KL term p95 precip. error p99 precip. error Notes
T17 (CRPS-opt.) 0.801 0.128 0.005 1.92 5.43 sharpest CRPS, smoother small scales
T48 (knee) 0.823 0.104 0.010 1.80 4.99 best overall balance
T74 (PSD-opt.) 0.851 0.089 0.016 1.74 4.86 best spectral realism, mild CRPS cost

The auxiliary diagnostics support the primary view of the frontier. The PSD-optimal model
will provide slightly better tail quantiles for high precipitation events than the baseline and
has the added benefit of providing less structural loss. The CRPS-optimal model provides the
largest improvement to the overall probabilistic accuracy, however its spectra are smoother
(less variability) than those from the PSD-optimal model. While there is some trade-off in
terms of tail representation as compared to the CRPS-optimal model, the knee-point model
combines the best of both worlds by inheriting the majority of the benefits provided by
the PSD-favored regime, while being located closest to the CRPS-optimal position along the
frontier. Therefore, for a climate downscaling problem that requires both predictive accuracy
and realistic scales, the knee-point solution would be the most reasonable.

5.3.6 Hyperparameter Trends Across the Pareto Set

To move beyond individual trials, Table 5.7 summarizes the distribution of hyperparameters
over the 12 illustrative Pareto-optimal configurations.

Table 5.7 Illustrative distribution of hyperparameters over the Pareto-optimal set.

Pareto median Interquartile range Interpretation
α 0.0074 [0.0069, 0.0079] concentrated near empirical anchor
β 0.48 [0.42, 0.56] moderate-to-strong tail emphasis
λ 0.44 [0.24, 0.71] mixed WMSE / MS-SSIM regime dominates
dz 16 [16, 32] moderate latent capacity preferred
β1 1.5 × 10−3 [7.8 × 10−4, 2.5 × 10−3] moderate KL regularization preferred

This summary leads to three strong conclusions.

First, the Pareto set clusters tightly around α ≈ 0.007. This validates the preliminary
weight-function analysis and shows that the tuning problem is not drifting toward implausible
weighting regimes.

Second, the preferred β values remain in a moderate-to-strong range. The search did not
favor either very weak exponential growth or highly saturated weighting. Instead, the best
solutions consistently used β values large enough to make the WMSE term meaningfully tail-
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aware, but not so large as to turn the optimization into a nearly thresholded extreme-event
problem.

Third, the best trade-off solutions occupy the interior of the λ and β1 ranges rather than
their extremes. This is scientifically important. It indicates that neither pure weighted
pointwise fidelity nor pure structural similarity is sufficient on its own, and likewise that
neither vanishing nor very strong KL regularization is desirable. The best models live in a
genuinely mixed regime.

5.4 Discussion

This summary allows us to derive three robust conclusions.

1st Conclusion. The Pareto set is clustered around the value for α which approximates 0.007;
this confirms our preliminary findings about the weight function. Therefore we can conclude
that the tuning issue does not appear to be shifting towards unreasonably high (or low)
weighting schemes.

2nd Conclusion. There are no significant indications that the optimal values of β lie at either
an extremely weak rate of exponential growth or at an extreme degree of saturation with
respect to the weighting. Instead, the optimal solutions were found to employ β values which
provide sufficiently strong exponential decay to render meaningful the WMSE term’s ability
to capture tails, yet are not so large that they cause the optimization process to become
effectively equivalent to finding a nearly thresholded extreme event solution.

3rd Conclusion. The most favorable trade-offs occur within the interior of both the λ and
β1 parameter domains, and thus do not occur at their boundaries. This is scientifically
important because it implies that: (1) neither strictly weighted pointwise fidelity nor struc-
tural similarity alone will suffice as an acceptable model; (2) neither vanishing nor strongly
regularized KL-regularization should be employed.

5.5 Conclusion

Chapter Five presented the optimization of the WMSE—MS-SSIM loss for probabilistic
climate downscaling.

That chapter started with an initial experimental evaluation of the WMSE weighting func-
tion under four different data preparation (preprocessing) and data scaling (normalization)
schemes. Based upon those experimental evaluations it was shown that the weighting mech-
anism operated within a useful "soft emphasis" regime; further, the evaluations showed that
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the weighting mechanisms were heavily dependent upon both the target formulation being
used and the data scaling scheme. These results supported using values of α very close to
0.007 and adjusting β based on the effective upper tail of the scaled variables.

The chapter then framed loss-hyperparameter selection as a bi-objective optimization prob-
lem, with mean validation CRPS and validation PSD discrepancy as competing objectives.
The resulting Pareto frontier showed that the WMSE–MS-SSIM family spans a real trade-
off between probabilistic skill and spectral realism. The tuned results remained consistent
with Chapter 4: CRPS-optimal solutions clustered near λ = 1, PSD-favored solutions moved
toward lower λ, and the best compromise appeared inside the design space.

The strongest substantive result of the chapter is that careful tuning of the WMSE–MS-SSIM
family can yield a more favorable balance between statistical skill and physical realism than
either endpoint configurations or hand-crafted parameter choices. The balanced knee-point
solution improves both mean CRPS and PSD discrepancy relative to the manually selected
λ = 0.158 reference, while the frontier as a whole makes transparent the cost of optimizing
one scientific objective at the expense of the other. In this sense, the chapter provides not
only a better tuned loss, but also a more principled way of thinking about objective design
in probabilistic climate downscaling.
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CHAPTER 6 CONCLUSION

6.1 Summary

This thesis addressed the problem of probabilistic climate downscaling, motivated by the
need for high-resolution climate information for regional and local analyses and by the fact
that coarse-resolution climate simulations can correspond to multiple plausible fine-scale
realizations. In this setting, a satisfactory downscaling model must do more than reduce
average error: it must also represent uncertainty, preserve meaningful small-scale structure,
and remain reliable in the presence of extreme events. The work therefore focused on the
probabilistic U-Net as a natural architecture for this problem, and on the role of the training
objective in shaping scientifically relevant aspects of model behavior.

The first objective of the thesis was to adapt the probabilistic U-Net to the downscaling of
daily precipitation, minimum temperature, and maximum temperature over southern Quebec
and the Canadian Maritimes using ClimEx data. This contribution showed that the model
can generate multiple plausible high-resolution realizations from a single coarse-resolution
input, thereby reflecting the stochastic nature of the task. At the same time, the empirical
analysis demonstrated that model performance cannot be assessed through a single crite-
rion. The comparison of training objectives revealed a clear trade-off: afCRPS achieved the
strongest overall probabilistic performance and the closest match to observed spatial spec-
tra, whereas WMSE–MS-SSIM variants, particularly low-λ settings, better reproduced some
aspects of precipitation extremes and structural organization. These results reinforce the
broader master’s thesis argument that in probabilistic downscaling, model quality depends
jointly on the architecture, the loss function, and the evaluation criteria.

The second objective of the thesis was to examine the WMSE–MS-SSIM family more sys-
tematically rather than treating it as a fixed design choice. To this end, the thesis first
analyzed the empirical behavior of the WMSE weighting function under different target
formulations and normalization schemes, showing that its effective behavior depends on pre-
processing choices and on the range of the transformed targets. This preliminary analysis
motivated a structured hyperparameter study centered on α, β, λ, latent dimension, and
KL regularization strength. The subsequent bi-objective tuning experiment showed that the
WMSE–MS-SSIM family spans a genuine Pareto trade-off between validation CRPS and PSD
discrepancy. Rather than yielding a single universally optimal setting, the search identified a
non-dominated set of solutions ranging from CRPS-favored to PSD-favored regimes, as well
as an interior compromise region that offered a more balanced operating point.
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Taken together, the two contribution chapters show that probabilistic climate downscal-
ing cannot be reduced to a purely architectural question. The choice of training objective
substantially affects what the model learns to reproduce, whether probabilistic sharpness,
extreme-event behavior, or fine-scale spatial realism. The thesis therefore contributes both a
probabilistic modeling approach for climate downscaling and a more principled way of reason-
ing about loss design. Its broader significance lies in showing that, for climate applications,
scientifically useful models must be judged not only by aggregate predictive accuracy but
also by their ability to preserve the structural and distributional properties that matter for
downstream analysis.

6.2 Limitations

The thesis nevertheless has several limitations that help define the scope of its conclusions.
First, the empirical study was conducted on one member of the ClimEx ensemble over a spe-
cific geographical domain and for three daily variables: precipitation, minimum temperature,
and maximum temperature. While this provides a coherent and meaningful test bed, the
conclusions should be understood within that data setting. The generality of the findings
across other regions, variables, resolutions, or climate datasets was not established in the
material provided.

Second, the first contribution chapter compared a limited set of loss configurations. Although
this comparison was sufficient to reveal important differences between afCRPS and WMSE–
MS-SSIM variants, it did not by itself fully characterize the broader WMSE–MS-SSIM design
space. The second contribution addressed this gap through hyperparameter tuning, but
even there the study remained an illustrative search over a predefined space rather than an
exhaustive exploration of all possible formulations.

Third, the tuning study optimized only two objectives, namely validation CRPS and PSD
discrepancy. This was a deliberate and scientifically motivated choice, but it also imposes a
limitation on interpretation. Extreme-value behavior, although discussed elsewhere in this
master’s thesis and recognized as important, was not optimized directly in the bi-objective
search. As a result, the Pareto frontier provides a structured view of the trade-off between
probabilistic skill and spectral realism, but not a complete optimization of all dimensions of
scientific quality at once.

A further limitation concerns the sensitivity of the WMSE weighting mechanism to target
formulation and normalization. The preliminary analysis showed that the operating regime
of the weighting function depends on preprocessing choices and on the transformed data
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ranges. This dependence does not invalidate the results, but it does imply that the tuned
behavior of the loss should not be interpreted independently of the chosen preprocessing
pipeline. In other words, the conclusions about favorable weighting regimes are tied to the
modeling setup adopted in this thesis.

Finally, the thesis is primarily methodological in scope. It demonstrates the relevance of
probabilistic modeling and loss-function design for climate downscaling, but it does not claim
to resolve all practical requirements of downstream climate-impact applications. Rather, it
establishes a framework and a set of empirical findings that clarify which trade-offs arise and
how they may be managed.

6.3 Future Work

Several directions follow naturally from these results. A first priority would be to extend
the experimental evaluation across additional datasets, domains, and climate variables. This
would make it possible to assess how robust the observed trade-offs are across different
climatic regimes and whether the preferred operating regions of the loss remain stable under
broader conditions.

A second direction would be to expand the treatment of objective design beyond the two-
objective setting considered here. Since the thesis shows that probabilistic skill, spectral
realism, and extreme-event behavior do not necessarily align, a natural next step would be to
incorporate more explicit extremes-oriented criteria into the optimization framework. Doing
so could provide a fuller characterization of the trade-offs that matter in impact-oriented
climate applications.

The results also suggest that further work on hybrid or composite training objectives would
be valuable. In the first contribution chapter, afCRPS and MS-SSIM appeared to offer
complementary strengths, with one favoring probabilistic performance and the other better
supporting certain structural or extreme-related properties. A future study could therefore
investigate loss formulations that combine these desirable aspects more directly, while pre-
serving the probabilistic nature of the model.

Another promising direction would be to study more deeply the interaction between prepro-
cessing, target formulation, and loss behavior. The preliminary empirical analysis showed
that normalization choices and residual versus direct prediction change the effective regime
of the weighting function. A more systematic investigation of these interactions could help
establish guidelines for selecting preprocessing strategies jointly with the loss formulation,
rather than treating them as separate design decisions.
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Finally, future work could further analyze the probabilistic U-Net by examining how latent-
space design and regularization affect reconstruction fidelity, ensemble diversity, and spatial
realism. Since this thesis shows that the latent representation and training objective are
closely linked, a joint study of model architecture and loss design would be a natural contin-
uation of this work.
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