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Abstract

High-resolution meteorological data is essential for understanding and predicting atmospheric
processes, yet their production remains limited by the high computational cost of numerical down-
scaling models. In recent years, deep learning has emerged as a viable and highly efficient alter-
native, capable of producing high-quality, high-resolution fields at a fraction of the computational
expense. This thesis explores the landscape of deep learning approaches for climate downscal-
ing, analyzing their limitations and introducing new architectural designs and methodologies that
enhance accuracy, represent uncertainty, and exploit inter-variable relationships.

Alongside establishing a general methodological framework that maps existing neural down-
scaling approaches, the thesis comprises three original studies that collectively advance the state of
data-driven downscaling. The first applies diffusion models to the super-resolution of near-surface
wind speed from ERA5 to CERRA, benchmarking a range of architectures and introducing an
ensemble diffusion formulation that achieves state-of-the-art accuracy while reproducing fine-scale
variability. The second develops a theoretical link between the number of reverse diffusion steps
and model variance, enabling calibrated uncertainty control and efficient ensemble generation.
This framework is validated against existing ensemble reanalyses and extended to regions lacking
ensemble information, positioning diffusion models as practical tools for uncertainty-aware mete-
orological modeling. The third study introduces a multi-variable, multi-task Vision Transformer
that jointly downscales six meteorological variables, demonstrating that shared spatial represen-
tations improve both accuracy and efficiency compared to single-variable approaches.

Together, these contributions provide new methodological insights into the use of generative
and transformer-based architectures for climate and weather applications. They highlight how deep
learning can evolve from merely reproducing existing models to discovering new representations
of atmospheric variability and coherence.
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1 Introduction
This chapter introduces the motivation and scope of the thesis. It discusses how traditional numer-
ical approaches, while physically sound, face computational and practical limitations, and how deep
learning methods are increasingly emerging as efficient and flexible alternatives. In this context, the
chapter highlights the open challenges and research directions that motivate the development of new
data-driven downscaling strategies presented in this work.

1.1 Motivation: The Need for High-Resolution Meteorological Data
The atmosphere evolves through interactions between processes occurring at different spatial and
temporal scales. At the global level, the circulation of the atmosphere is relatively well understood
and predictable. However, the limits of weather predictability arise from small-scale variations that
are imperfectly represented in numerical models [Pal00]. Minor differences in local conditions, often
below the spatial resolution of the model, can amplify and lead to divergent system evolutions over
time [BTB15]. These limitations are not primarily due to a lack of understanding of atmospheric
physics, but to the inability to represent fine-scale variability with sufficient accuracy. Consequently,
the realism and predictive skill of meteorological simulations depend critically on the spatial resolution
of the underlying data.

Beyond the necessity of high-resolution data for improving the predictability of the atmospheric sys-
tem itself, fine-scale information is also essential for a wide range of applied domains. High-resolution
datasets support diverse activities such as renewable energy forecasting, hydrological modeling, agri-
culture, disaster risk management, and urban planning, among many others. For example, the accurate
estimation of near-surface wind fields is crucial for the design and operation of wind farms, while de-
tailed temperature and precipitation patterns determine the reliability of flood prediction and water
resource assessments. In all these contexts, the availability of spatially refined meteorological data
enables decisions that are both safer and more efficient.

Despite their importance, the majority of global climate model outputs remain limited to spatial
resolutions of tens or even hundreds of kilometers [FMA+14, EBM+16a]. This coarse representation
smooths out local features such as topographic effects, coastlines, and land-use heterogeneity, leading to
systematic biases and an underestimation of extremes. Consequently, the predictive skill and physical
realism of downstream applications are constrained by the limited resolution of their input data.

Bridging this scale gap is one of the central challenges in modern meteorology and climate sci-
ence. Dynamical downscaling approaches, which nest high-resolution regional models within global
drivers, offer physically consistent solutions but remain computationally expensive, with only a lim-
ited number of institutions and resources capable of sustaining them [Gio19]. In recent years, machine
learning–based downscaling methods have emerged as a promising alternative for enhancing spatial
resolution efficiently [SBG+21]. These data-driven approaches can generate fine-scale meteorological
fields while preserving the large-scale consistency of their coarse inputs.

1.2 From Numerical to Data-Driven Downscaling
Having established the importance of high-resolution meteorological data, the following section ex-
amines how such detail can be achieved in practice, tracing the evolution from traditional numerical
downscaling to modern data-driven approaches.

1.2.1 Limits of Dynamical Downscaling

The principal limitation of dynamical downscaling lies in its computational expense. High-resolution
regional models must integrate the full set of atmospheric equations over millions of grid cells for many
thousands of time steps. The computational cost increases sharply with resolution: a simulation at 5
km grid spacing over a continental domain and multi-decadal period requires petascale resources and
months of computation on modern supercomputers [PBSG09, PLF+15, GLM+23]. As a result, the
production of high-resolution regional climate data is restricted to a limited number of research centers
with access to large-scale computing infrastructure and domain expertise.

The scarcity of computational resources has direct implications for data availability and coverage.
The total volume of high-resolution data remains modest compared with global model outputs [Gio19],
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and existing datasets are often delayed relative to real time because of the long turnaround required
for simulation and post-processing [MAC24a]. Most regional simulations have been conducted over
well-observed and well-resourced regions such as Europe, North America, and East Asia, while large
portions of the Global South remain underrepresented [NJG+12]. The same computational constraints
also limit ensemble generation, which is essential for representing internal variability and quantifying
forecast uncertainty [KBR+17]. When ensemble products exist, they typically operate at reduced
spatial or temporal resolution to remain computationally feasible [GGJ15].

These structural limitations constrain the diversity, temporal currency, and uncertainty character-
ization of available high-resolution climate datasets, motivating the search for complementary data-
driven approaches that can reproduce fine-scale information more efficiently.

1.2.2 Emergence of Data-Driven Downscaling

The computational and practical limitations of dynamical downscaling have motivated the development
of data-driven methods that not only reduce computational cost but also aim to enhance the accuracy,
consistency, and flexibility of high-resolution climate modeling [RCVS+19]. Once trained, data-driven
models can emulate the behavior of complex numerical systems at a fraction of the computational
expense, enabling near-real-time inference and large-scale experimentation. This efficiency expands the
scope of feasible studies, allowing higher spatial and temporal resolution, broader ensemble generation,
and more frequent updates than traditional approaches [RDK+22]. It also democratizes access to high-
resolution information, making it possible for institutions without large supercomputing infrastructure
to generate, share, and analyze refined climate data.

In practice, data-driven downscaling models reproduce fine-scale atmospheric structures directly
from coarse-resolution inputs by learning empirical relationships from large archives of weather data,
such as sensor data, reanalyses or simulations. Most existing implementations build upon advances
in computer vision, where analogous tasks such as image super-resolution and translation have been
extensively studied [DLHT15]. Through supervised learning, a neural network is trained to map
low-resolution meteorological fields to their high-resolution counterparts, effectively capturing spatial
patterns and local dependencies that would otherwise require explicit numerical integration. In do-
ing so, these models approximate the physical system’s behavior through data-driven representations
rather than through direct numerical solution.

Recent advances in deep learning, particularly convolutional, transformer-based, and generative
architectures, have demonstrated the ability to produce high quality high-resolution fields that rival
existing dynamical downscaling models[VKG+17, PSH+22, SDR+24a, PCMG24]. Their computational
efficiency enables large-scale inference, high-frequency output generation, and ensemble creation at
negligible marginal cost, addressing several of the constraints associated with numerical downscaling.

Despite these advances, the field remains in a formative stage. The range of deep learning tech-
niques applicable to weather and climate modeling is far from fully understood, and no consensus
has yet emerged on optimal architectures or training strategies. Most operational systems continue
to rely on traditional numerical formulations, while research in data-driven modeling remains largely
experimental, with new methods and paradigms appearing in rapid succession [RLR+21].

1.2.3 Challenges within Deep Learning Downscaling

Despite the rapid progress of data-driven approaches, several fundamental challenges remain open. The
first concerns the diversity of architectures. A wide variety of neural designs, including convolutional,
transformer-based, and generative models, have shown promising results, yet their relative merits
remain context dependent and poorly understood [BKM+25, BXZ+22, CZZ+23]. The field continues
to evolve rapidly, with new architectures frequently introduced and compared under heterogeneous
experimental settings, which complicates fair assessment and reproducibility.

Another open issue is the representation of uncertainty. Most neural networks produce deterministic
outputs that tend to underestimate natural variability, while probabilistic and generative formulations
are still in early stages of adoption [ZCL+24, PSGA+23]. Quantifying model confidence and expressing
ensemble-like diversity remain active areas of research and are essential for producing uncertainty-aware
predictions that can be used in climate applications.

Ensuring multi-variable consistency also remains a significant challenge [CCDP21, SBG+21]. Many
architectures originally developed for natural images process each meteorological field independently,
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making it difficult to preserve physical relationships among variables such as wind, temperature, and
pressure. Designing shared or coupled representations capable of maintaining cross-variable coherence
is an ongoing research direction and a necessary step toward physically consistent modeling.

Generalization beyond the spatiotemporal and climatic conditions represented in the training data
is another persistent difficulty. Biases and sampling limitations in reanalysis or observational datasets
can propagate into the learned relationships, leading to degraded performance in unseen regions,
extreme events, or future climate scenarios. Robust training and evaluation strategies are required to
ensure that models can adapt to changing boundary conditions and evolving climate regimes.

Finally, the absence of explicit physical constraints can lead to outputs that violate conservation
laws or large-scale balances [CDCG+22]. Integrating physical knowledge into neural architectures or
loss functions, through hybrid models, physics-informed learning, or constrained optimization, repre-
sents one of the most promising directions for improving robustness and interpretability.

Addressing these challenges is crucial to establish data-driven downscaling as a reliable, transparent,
and physically consistent component of the climate modeling toolbox.

1.3 Thesis Objectives
The challenges outlined above highlight the need for systematic investigations into how modern machine
learning architectures can bridge the scale gap between coarse and high-resolution meteorological
data. This thesis responds to that need by formulating a coherent research program centered on data-
driven downscaling, with particular emphasis on the reconstruction of fine-scale wind patterns, the
representation of predictive uncertainty, and the integration of multi-variable physical relationships.

The overarching objective of this thesis is to advance the development and understanding of machine
learning approaches for meteorological downscaling. Specifically, it aims to design, evaluate, and
interpret neural architectures capable of enhancing the spatial resolution, realism, and uncertainty
quantification of meteorological fields derived from reanalysis and climate model data.

• Objective 1 : Theoretical and methodological synthesis: Provide a unified perspective on
deep-learning-based meteorological downscaling by analyzing current practices, datasets, theo-
retical foundations, and model architectures, with particular focus on the formulation and design
of diffusion models.

• Objective 2 : Benchmarking neural architectures: Assess and compare major neural model
families for meteorological downscaling, establishing reproducible baselines and evaluating their
performance against reference observations.

• Objective 3 : Reanalysis completion and enrichment: Develop learned downscaling ap-
proaches to complete and enrich reanalysis datasets, extending their temporal coverage, refining
their temporal resolution, and producing ensemble-like realizations for uncertainty-aware appli-
cations.

• Objective 4 : Uncertainty modeling and variance calibration: Investigate how the
number of reverse diffusion steps influences the predictive variance of diffusion models, and
develop methods to use this relationship for controlling and calibrating uncertainty in diffusion-
based meteorological downscaling.

• Objective 5 : Multi-variable representation learning: Explore multi-variable and multi-
task learning strategies for meteorological downscaling, assessing how shared spatial representa-
tions affect model accuracy, efficiency, and physical consistency.

Collectively, these objectives delineate the scope of the thesis, linking theoretical synthesis, model
development, and applied evaluation. The next section outlines the methodological framework and
experimental design through which these objectives are addressed.

1.4 Methodological Scope and Contributions
This thesis is situated within the field of data-driven meteorological downscaling. It focuses on super-
vised deep-learning approaches that learn mappings from coarse to high-resolution atmospheric fields
using paired data from reanalysis and climate simulations. The emphasis is on the methodological
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aspects of spatial refinement, uncertainty representation, and multi-variable consistency, rather than
on operational forecasting or physical model coupling.

Within this domain, the thesis explores three complementary methodological directions. The first
concerns the comparative evaluation of major neural architectures, including convolutional, transformer-
based, and diffusion models, under a unified experimental framework. The second extends diffusion
models beyond deterministic generation toward probabilistic ensemble modeling, introducing explicit
mechanisms and theoretical aspects for variance control and uncertainty calibration. The third in-
vestigates multi-variable and multi-task learning strategies that share spatial representations across
atmospheric variables to improve efficiency and physical coherence.

Together, these methodological lines define the scope and contributions of the thesis. They pro-
vide a consistent experimental foundation for comparing neural architectures, introduce a principled
framework for variance calibration in diffusion models, and demonstrate how shared representations
can enhance the accuracy and interpretability of multi-variable downscaling.

1.5 Structure of the Thesis
The thesis is organized into eight chapters, each addressing a specific aspect of the research. Section 1
introduces the motivation behind this work, emphasizing the need for high-resolution meteorological
data and the limitations of existing numerical downscaling techniques. It outlines the emergence of
deep learning in climate and weather modeling, and discusses the main challenges and open questions
surrounding data-driven approaches. Finally, it formulates the main objectives of the thesis and sum-
marizes its methodological scope and contributions. Section 2 reviews the background and related
literature. It first presents the main categories of meteorological datasets, including observations, re-
analyses, operational forecasts, and climate projections. It then traces the evolution of deep learning in
climate science and the progression of downscaling methods, from statistical and interpolation-based
approaches to recent neural and generative frameworks. Section 3 establishes the methodological foun-
dations shared across the three studies presented in this thesis. It formalizes the downscaling problem
and its possible formulations, and provides an in-depth analysis of the principal architectural fami-
lies, including MLPs, CNNs, Transformers, GANs, and diffusion models, covering their mathematical
principles, structural design choices, and training mechanisms. It also details the corresponding loss
functions, optimization procedures, and evaluation strategies. Section 4, Section 5, and Section 6
present the three original research papers that constitute the core of the thesis. The papers have been
adapted and harmonized for style, notation, and continuity so as to form a cohesive methodological
and conceptual narrative.

• Paper I introduces a diffusion-based framework for wind speed super-resolution from ERA5 to
CERRA. It presents a comparative evaluation of competing neural architectures, validates the
results against in-situ observations, and applies the trained model to fill temporal gaps in existing
high-resolution datasets.

• Paper II extends the diffusion-based framework by establishing a theoretical link between the
number of reverse diffusion steps and the predictive variance of the model. Building on this
finding, it introduces a method for variance control and uncertainty calibration, applies it to re-
analysis downscaling, and evaluates the resulting ensembles against known uncertainty references
and datasets lacking ensemble information.

• Paper III investigates a multi-variable, multi-task Vision Transformer (ViT) architecture de-
signed to emulate regional climate models. The study leverages shared spatial representations
across variables to improve efficiency and physical coherence, and compares its performance with
single-variable models and alternative multi-variable formulations.

Section 7 synthesizes the findings of the three papers, positioning them within the broader context
of neural downscaling. It discusses emerging paradigms, architectural trade-offs, and the challenges
of learning uncertainty and multi-variable relationships from deterministic data. Finally, Section 8
concludes the thesis by summarizing the main contributions, outlining current limitations, discussing
the broader scientific and practical implications, and proposing future directions for research and
development.
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1.6 Author Contributions
This thesis is based on three research papers. The specific contributions of the candidate (FM) and
co-authors Andrea Asperti (AA), Davide Evangelista (DE), Harilaos Loukos (HL) and Samuele Cola-
monaco (SC) are detailed below.

• Paper I FM and AA jointly designed the neural architectures and the overall methodological
framework. FM prepared the datasets, implemented the models, conducted the training and
benchmarking experiments, and performed the comparative analyses. SC conducted the valida-
tion experiments against independent observational datasets. FM and SC wrote the manuscript,
with revisions and feedback from all authors.

• Paper II FM identified and formulated the variance-control property linking the number of
reverse diffusion steps to predictive variance. FM designed the experimental framework, im-
plemented the models, prepared the datasets, and conducted all numerical experiments. DE
formulated the mathematical framework, expanded the theoretical analysis, and contributed
derivations supporting the proposed methodology. HL provided climate science expertise. FM
and DE wrote the manuscript, with feedback from all co-authors.

• Paper III FM designed the model architectures, including the shared-encoder multi-decoder
formulation. FM implemented the models and conducted all experiments and analyses. HL
contributed domain expertise in climate modeling and supported the interpretation of the results.
FM wrote the manuscript, with revisions and feedback from co-authors.
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2 Background and Related Work
This chapter reviews the scientific background that forms the foundation of this thesis. It begins with
an overview of the main categories of meteorological datasets, discussed in depth given their central
role in enabling data-driven downscaling. The following sections provide a historical perspective on
the use of artificial intelligence in climate science, tracing its evolution from early neural approaches
to modern deep learning practices. Finally, the chapter surveys the most relevant techniques for deep
learning–based downscaling, outlining current trends and open challenges in the field.

2.1 Meteorological Datasets
Meteorological datasets are essential for a wide range of applications in atmospheric science, from
weather forecasting and climate monitoring to data assimilation and the training of neural networks
for predictive modeling. These datasets differ in their sources, spatial and temporal resolutions, and
physical consistency, and can be broadly grouped into four main categories: observational data, re-
analysis products, operational numerical weather prediction (NWP) outputs, and climate model pro-
jections. In Section 2.1 a comparison between the main characteristics of each category is reported.
Each of these plays a specific role within the wider ecosystem of meteorological research and opera-
tional practice. Observational datasets, whether derived from in situ measurements or remote sensing
instruments, provide the empirical basis for model validation and calibration. Reanalysis datasets offer
physically consistent reconstructions of past atmospheric states and are widely used for both training
and evaluation in machine learning approaches. Operational NWP outputs provide timely forecasts
and are increasingly being explored as inputs to hybrid modeling systems. Climate model projections
extend the temporal horizon of prediction, enabling long-term scenario analysis under varying forcing
assumptions. In the following sections, the main datasets used in this work are described in relation to
their category and purpose, with a focus on their relevance for data-driven approaches in meteorology.

Dataset type Nature Time span Timeliness Spatial
Coverage

Purpose Example

Observations Measured
directly

Continuous,
irregular

Instantaneous
but sparse

Sparse in
some re-
gions

Record past
reality

IGRA,
MODIS

Reanalyses Model +
observations
(hindcast)

Past
decades

Delayed
(data pro-
cessing)

Complete
gridded
fields

Best past
estimate

ERA5,
CERRA

Climate
Projections Model sim-

ulation (fu-
ture scenar-
ios)

Future
decades/
centuries

Not real-
time

Complete
gridded
fields

Scenario
exploration

CMIP6
MPI-ESM

Operational
NWP Model fore-

cast (near-
future)

Hours–days
ahead

Near-real-
time

Complete
gridded
fields

Short- to
medium-
term predic-
tion

GFS,
ECMWF
HRES

Table 1: Comparison of the main categories of meteorological datasets.

2.1.1 Observational Datasets

Observational datasets utilize measurements obtained directly from sensors, without the extensive
numerical modeling that characterizes reanalysis or climate projections. They generally provide high-
accuracy and timely information, but their coverage is often limited in space and time, and they
may be affected by sensor malfunctions or retrieval issues. In the following paragraphs observational
datasets are grouped into three categories: in-situ measurements, collected from ground-based sta-
tions and other locally deployed instruments; remote sensing products, acquired by radar, lidar, and
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other satellite-borne or airborne sensors; and gridded observational blends, in which multiple direct
measurements are combined to produce spatially continuous fields.

• In-situ Observations: In-situ observational datasets refer to measurements collected directly
from instruments located at the Earth’s surface or within the atmosphere, typically through net-
works of weather stations, radiosondes, buoys, and ships. These datasets provide ground-truth
measurements of meteorological variables such as temperature, pressure, humidity, wind speed
and direction, among many others. In-situ data are fundamental to atmospheric science: they
serve as a primary source for validating numerical models, calibrating remote sensing instruments,
and constructing reanalysis products. Unlike gridded datasets or satellite-derived fields, in-situ
observations are point-based and often limited in spatial coverage. However, they offer high tem-
poral resolution and direct measurement without reliance on model assumptions, making them
particularly valuable for the evaluation of high-resolution downscaling methods and data-driven
prediction models. Global archives of in-situ data contribute significantly to climate monitoring,
extreme weather assessment, and long-term trend analysis. Among the most widely used are the
Global Historical Climatology Network (GHCN) [MDK+12, MDV+12b], which compiles long-
term records of surface temperature and precipitation from land stations worldwide, and the
HadISD [CAU+16] dataset, offering sub-daily weather station observations with extensive qual-
ity control. For marine environments, the ICOADS [FWW+16] (International Comprehensive
Ocean-Atmosphere Data Set) provides a comprehensive collection of surface marine observations
from ships, buoys, and other platforms. In this thesis, the IGRA V2 [DYV+16] dataset was
employed for model validation in downscaling wind speed over the Italian peninsula.
Despite their accuracy and reliability, in-situ datasets suffer from a fundamental limitation: their
spatial sparsity. Unlike gridded reanalysis fields or satellite imagery, in-situ measurements are
irregularly distributed, with uneven global coverage and often large gaps in space and time. This
poses a challenge for neural models, which are typically designed to process structured inputs
such as images or spatiotemporal tensors. While there is ongoing interest in developing machine
learning methods that operate directly on raw, sparse observational data, such methods are
still in their early stages and are not yet widely adopted. As a result, in-situ observations are
primarily used in current workflows for validation and calibration purposes, offering a robust
external benchmark for the evaluation of model predictions derived from gridded or remotely
sensed data.

• Remote Sensing: Remote sensing datasets are derived from measurements taken by instru-
ments mounted on satellites or airborne platforms, which retrieve information about the Earth’s
surface and atmosphere from a distance. These datasets play a central role in modern meteorol-
ogy, oceanography, and climate science, providing global or near-global coverage at spatial and
temporal resolutions that are often unattainable from in-situ networks alone. Remote sensing
observations include a broad range of variables such as temperature, humidity, wind, precip-
itation, cloud properties, and surface characteristics, obtained using a combination of passive
sensors (e.g., radiometers, spectrometers) and active sensors (e.g., radar, lidar).
One of the main advantages of remote sensing is its ability to provide consistent, repeated obser-
vations over regions that are poorly covered by ground-based networks, such as oceans, deserts,
and polar areas. However, these datasets are indirect measurements: retrieval algorithms are
required to convert raw radiance data into geophysical variables, introducing uncertainties that
depend on sensor characteristics, atmospheric conditions, and the underlying physical models.
Data gaps can also occur due to orbital geometry, instrument malfunctions, or obstructions such
as cloud cover in optical imagery.
For neural modeling, remote sensing datasets are especially valuable because they are typically
provided on regular grids or swaths, making them more directly compatible with convolutional
and transformer-based architectures than sparse in-situ measurements. They have been used
extensively in applications such as precipitation estimation from satellite radar, sea surface tem-
perature mapping, and vegetation monitoring. At the same time, their indirect nature means
they are often combined with in-situ observations and reanalyses for calibration, validation, and
bias correction, particularly in high-resolution downscaling workflows.
Notable examples of remote sensing datasets include the Global Precipitation Measurement
(GPM) mission for precipitation [SJPB+17], ASCAT [EUM10] for ocean surface winds, MODIS
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[SBM+89] for multi-variable atmospheric and surface products, and AVHRR [Cra97] for long-
term sea surface temperature records. These products, based solely on direct sensor retrievals,
are widely used for climate monitoring and model evaluation.

• Gridded Observational Blends: Gridded observational blends combine measurements from
multiple observation sources—typically in-situ stations, remote sensing platforms, and sometimes
aircraft—into spatially continuous datasets on a regular grid. This is achieved through interpola-
tion or statistical analysis methods that merge the different inputs while attempting to minimize
biases and fill observational gaps. Such products retain the observational basis of their inputs
while offering complete spatial coverage, making them easier to integrate into models and ma-
chine learning workflows than raw, irregularly spaced measurements. They are widely used for
climate monitoring, model evaluation, and bias correction, and provide a bridge between purely
observational datasets and model-based reanalyses.
Unlike reanalysis products, which ingest observations into a physics-based numerical weather
prediction model to produce a dynamically consistent reconstruction of the atmosphere, ob-
servational blends rely purely on statistical techniques without imposing model physics. This
distinction has important consequences: blends are far less demanding in terms of computa-
tional resources and maintain a closer connection to the raw observations, but they lack the
ability to extrapolate features in a physically consistent way. As a result, they can suffer from
over-smoothing, unrealistic gradients, or artifacts in data-sparse regions, and may also show tem-
poral inhomogeneities if the underlying observation network changes over time. Despite these
limitations, they remain an important observational resource for applications where preserving
the direct character of the measurements is prioritized over full dynamical consistency.
Notable examples of gridded observational blends include the Global Precipitation Climatol-
ogy Centre (GPCC) dataset [SBF+11], which provides gauge-based global precipitation analy-
ses from quality-controlled station records, and the Climate Prediction Center (CPC) Unified
Gauge-Based Analysis [XYC+07, CSX+08], offering daily precipitation fields from dense sta-
tion networks. For sea surface temperature, the NOAA Optimum Interpolation SST (OISST)
[RSL+07, BSC+16] product blends satellite retrievals with buoy and ship measurements to pro-
duce gap-free daily global fields. Land-based temperature and precipitation fields are also pro-
vided by the Global Historical Climatology Network (GHCN) [MDV+12a] gridded products,
created from extensive station archives. These datasets are widely used for climate monitor-
ing, model evaluation, and bias correction, offering spatial completeness while retaining a direct
observational foundation.

As mentioned above, in the studies presented in this thesis a radiosonde dataset was employed to
validate the quality of wind speed downscaling over the Italian peninsula. Considering availability,
spatial coverage, and measurement reliability, the choice fell on the in-situ dataset IGRA V2, which is
described in the following paragraph.

IGRA V2 For the validation of the downscaling results, this work employs data from the Integrated
Global Radiosonde Archive, Version 2.2 (IGRA V2.2) [DYV+16]. IGRA is a comprehensive, quality-
controlled global archive of radiosonde and pilot-balloon observations, providing vertical profiles of
key atmospheric variables such as temperature, humidity, and wind. The dataset is maintained by
NOAA’s National Centers for Environmental Information (NCEI) and is freely accessible for research
purposes. Version 2.2, released in 2023, contains more than 50 million individual soundings dating back
to 1905, sourced from over 2,800 land-based and ship-based stations worldwide, with daily updates
from roughly 900 active sites. The archive integrates data from more than 30 historical and operational
sources, compositing station records to produce the longest possible time series at each location.

For the region of interest—covering the same spatial extent as the gridded datasets used in the
experiments—a subset of 14 radiosonde stations was selected based on geographic overlap. These
stations are distributed across the Italian peninsula and surrounding areas, providing independent
point-based observations suitable for evaluating the accuracy of gridded model outputs. For our
purposes, the variable of interest is wind speed at 2 m above ground level, extracted from the IGRA
profiles.

IGRA V2.2 data undergo extensive quality-control and harmonization procedures to ensure reli-
ability, including sanity checks, surface elevation plausibility tests, internal consistency verification,
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Figure 1: IGRA V2 Stations. Source: Copernicus Climate Change Service, IGRA V2 dataset overview
(CDS).

duplicate detection, climatology-based validation, and vertical/temporal coherence checks. Only di-
rect measurements are retained; values that are estimated, interpolated, or derived are excluded. In
addition, very-high-resolution modern radiosonde transmissions are down-sampled to standard and
significant pressure levels to maintain temporal consistency with historical records. While this en-
sures long-term comparability, it can reduce fine-scale vertical detail. Over its more than century-long
record, the IGRA station network has evolved substantially—from fewer than ten stations in the early
20th century to more than a thousand by the 1960s, with some decline since the late 1970s due to
station closures. Despite these changes, IGRA offers an exceptionally robust basis for validating both
reanalysis products and data-driven downscaling approaches, particularly in applications involving
vertical atmospheric structure such as wind speed at different altitudes.

2.1.2 Reanalyses

While observational datasets rely on direct measurements from instruments such as weather stations,
radiosondes, ships, buoys, and satellites, they are inevitably affected by gaps in coverage, changes
in measurement techniques, and heterogeneous spatial and temporal sampling. Reanalysis products
address these limitations by combining vast quantities of historical observations with a consistent
numerical weather prediction (NWP) model through a process known as data assimilation. In this
process, diverse observations are blended with the model’s physically based equations to produce a
best estimate of the state of the atmosphere (and, in some products, the land and ocean). Modern
reanalyses such as ERA5 use advanced techniques like four-dimensional variational assimilation (4D-
Var) or ensemble-based filters to optimise the entire three-dimensional atmospheric state over an
assimilation window, matching the model trajectory to all available observations while weighting them
by their uncertainty. The result is a spatially complete, physically coherent dataset in which all
variables remain dynamically consistent, even in regions or times without direct measurements.

In a reanalysis system, the model provides physically consistent estimates where observations are
sparse, while the assimilation process continually adjusts the model state toward the available measure-
ments. This synergy yields datasets that are temporally homogeneous and physically coherent across
variables, making them particularly valuable for climate monitoring, trend analysis, and the study
of processes at scales not directly resolved by the observational network. Producing such datasets is
computationally intensive: the entire historical period must be reprocessed with a fixed model version
and assimilation configuration, requiring repeated model integrations, quality control of billions of ob-
servations, and the storage of petabytes of output. For example, ERA5 took several years to compute
on ECMWF’s high-performance computing facility, using thousands of processor cores and generating
over 20 PB of data.

Unlike pure observations, reanalyses are not direct records of the atmosphere: they represent a
best estimate, constrained by both the assimilated data and the biases or structural limitations of the
underlying model. They differ from operational forecasts in that the same model and assimilation
system are applied uniformly across decades, avoiding discontinuities caused by model upgrades and
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ensuring consistency. As a result, reanalyses can reveal long-term variability and extremes, but their
accuracy varies depending on the observing system available at a given time and location.

For modern data-driven approaches to weather and climate modelling, reanalyses have emerged as
the de-facto standard for model training [ZSV20]. They provide complete, uniform datasets in which
all variables are aligned in space and time, covering either the entire globe or specific high-resolution
regions. This level of spatial completeness and temporal coverage cannot be achieved with raw ob-
servations, which are often sparse, irregularly distributed, and affected by missing values. Reanalyses
also offer long, homogeneous time series — in some cases extending back to the mid-twentieth century
— produced with a fixed model and assimilation system, enabling models to learn from both common
and rare meteorological events. By assimilating a wide range of observations into a single dynam-
ical framework, they produce multi-variable fields that are physically coherent, reducing the risk of
contradictory inputs when training on multiple variables. Their regular spatial grids are directly com-
patible with modern deep learning architectures, which can process them as images or videos without
complex preprocessing. Open access through platforms such as the Copernicus Climate Data Store,
often via convenient APIs, further lowers the barrier to large-scale use in both research and industry.
This completeness and consistency come at a significant computational cost, one of the main moti-
vations for developing neural-network-based emulators that can reproduce high-resolution, physically
consistent reanalysis fields at a fraction of the expense. As a result, certain reanalyses have become
community defaults, with ERA5 standing out as the most widely used: it combines high spatial and
temporal resolution, an extensive set of variables, and assimilation of the largest observational archive
to date, making it both a state-of-the-art scientific resource and a benchmark standard for data-driven
meteorology [SZZ+20, MFK19].

For this thesis, four reanalysis products are of primary interest: the global ERA5, the high-
resolution European CERRA, its Arctic counterpart CARRA, and the ensemble-based CERRA-EDA.

ERA5 ERA5 [HBB+18, HBB+20] is the fifth-generation global atmospheric reanalysis produced
by the European Centre for Medium-Range Weather Forecasts (ECMWF) as part of the Copernicus
Climate Change Service. It replaces the earlier ERA-Interim reanalysis, delivering significant improve-
ments in spatial, temporal, and vertical resolution, the range of assimilated observations, and the
representation of the Earth system. ERA5 covers the period from 1940 to the present, providing a
continuous, high-resolution record of the atmosphere, land surface, and ocean waves.

Figure 2: Example of the ERA5 global temperature field and mean sea level pressure on January 1,
2023. Source: Copernicus Climate Change Service, ERA5 dataset overview (CDS).

The dataset offers hourly estimates for more than 240 atmospheric, land, and oceanic parameters on
a global 0.25° × 0.25° grid (approximately 31 km), with 137 vertical model levels from the surface up to
0.01 hPa (about 80 km). In addition to the deterministic fields, ERA5 includes a 10-member ensemble
of data assimilations (EDA) at three-hourly intervals, which can be used to estimate uncertainty.
Land surface variables are provided through a coupled land reanalysis component, while ocean wave
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parameters are derived from the ECMWF wave model.
A distinctive feature of ERA5 is its timely availability. The near-real-time version, known as

ERA5T, is produced with a latency of approximately five days, after which it is later replaced by
the final, consolidated product. This dual-stream production ensures that the dataset is both rapidly
available for recent-event analysis and fully consistent over the long term. The full archive exceeds
20 petabytes, but the Copernicus Climate Data Store (CDS) provides free access with on-demand
subsetting and download in GRIB or NetCDF format.

ERA5 is produced using ECMWF’s Integrated Forecasting System (IFS), Cycle 41r2, in a con-
figuration that couples the atmospheric model to land and ocean wave components. The core of the
reanalysis process is a four-dimensional variational (4D-Var) data assimilation scheme, applied over
12-hour windows. In 4D-Var, an initial model state is iteratively adjusted so that a model simulation
over the assimilation window best fits all available observations, weighted according to their estimated
uncertainties, while remaining consistent with the model’s governing equations. This approach en-
sures that the final analysis fields are dynamically balanced and physically coherent, even in regions or
times with sparse observations. The EDA component perturbs both observations and model physics
to produce an ensemble of analyses, providing flow-dependent estimates of background and analysis
uncertainty.

The range of assimilated observations is extensive, reflecting the growth of the global observing
system since the mid-20th century. It includes conventional in situ data (surface stations, radiosondes,
buoys, ships, aircraft), scatterometer wind retrievals, satellite radiances from a wide range of instru-
ments and channels, GPS radio occultation profiles, and other specialised datasets. The introduction
of new observing systems over time inevitably influences reanalysis quality, with notable improvements
occurring after the onset of the satellite era in the late 1970s. Nevertheless, temporal inhomogeneities
can persist, and ERA5 is known to have biases in certain variables and regions, such as tropical cyclone
intensity, precipitation amounts, and snow cover representation.

ERA5’s breadth and quality have made it one of the most widely used datasets in climate and me-
teorological research. Its applications span climate trend analysis [Yil23, LHL20, LD24, CB21], track-
ing changes in precipitation [YHA+21, LSVR22, CCC22, SWZ+22], hydrological studies [ZLZ+21a,
TBA20], agricultural planning [RTC22] and extreme-event characterization [DMBA20, ASJF+24,
DD21, WZD+23]. The combination of long temporal coverage, high spatial and temporal resolu-
tion, physically consistent multi-variable fields, and free, programmatic access through the CDS has
also made ERA5 the default reference dataset for training and evaluating neural models in meteo-
rology. The computational cost of producing such a dataset is immense—ERA5 required years of
continuous high-performance computing, processing billions of observations and storing petabytes of
output—underscoring the potential value of machine-learning-based emulators capable of approximat-
ing reanalysis-quality data at far lower cost.

ERA5 serves as a backbone training dataset for many state-of-the-art neural weather and climate
models. Among the most notable are global forecasting architectures that have achieved skill levels
matching those of leading operational systems. GraphCast, a graph neural network model trained
on decades of ERA5 data, produces 10-day forecasts for hundreds of atmospheric variables and has
been shown to outperform ECMWF’s operational deterministic forecasts on roughly 90 % of verifica-
tion metrics, while improving the prediction of extreme events such as tropical cyclones, atmospheric
rivers, and heatwaves [LSGW+22, LSGW+23]. Pangu-Weather, based on a 3D Earth-specific Trans-
former, likewise trained on ERA5, delivers medium-range forecasts that surpass ECMWF’s Integrated
Forecasting System in accuracy across key variables, with far lower computational cost [BXZ+22].
FourCastNet, an implementation of the Fourier Neural Operator (FNO) architecture, also trained on
the full global ERA5 archive, has demonstrated skill comparable to state-of-the-art NWP systems
for medium-range forecasting while producing high-resolution global predictions in seconds [PSH+22].
Similarly, the Fuxi global weather model, developed by Huawei Cloud, uses a transformer-based archi-
tecture trained on ERA5 to achieve competitive or superior performance to operational IFS runs, with
particular strengths in tropical cyclone tracking and precipitation prediction [CZZ+23]. Together, these
advances illustrate how ERA5 has become the foundation for cutting-edge deep learning approaches,
enabling progress from regional downscaling and nowcasting to global multi-variable forecasting, and
driving measurable gains in the prediction of high-impact weather and climate extremes.
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CERRA The Copernicus Regional Reanalysis for Europe (CERRA) is a high-resolution regional
reanalysis (RRA) tailored specifically to the European domain. Produced under the Copernicus Cli-
mate Change Service through a contract with the Swedish Meteorological and Hydrological Institute
(SMHI), in collaboration with Météo-France and the Norwegian Meteorological Institute, CERRA pro-
vides atmospheric, land, and near-surface variables at a horizontal resolution of 5.5 km. It follows the
same fundamental principles as global reanalyses but leverages a regional numerical weather predic-
tion system to resolve finer-scale processes over Europe. Unlike ERA5, which is produced on a regular
latitude–longitude (cylindrical) grid, CERRA uses a Lambert conformal conic projection optimized for
the European domain. This reduces distortion across mid-latitudes, providing more uniform spatial
resolution and improving the representation of distances and areas for regional-scale applications.

Figure 3: CERRA European Domain. Source: Copernicus Climate Change Service, CERRA dataset
overview (CDS).

CERRA is driven by the global ERA5 reanalysis, which supplies both initial and lateral boundary
conditions, and supplements these with higher-resolution in situ observations, remote-sensing data,
and physiographic datasets describing surface properties. The observation set is extensive, including
synoptic station reports, satellite radiances, atmospheric motion vectors, radio-occultation bending
angles, and ground-based GNSS zenith delays. The assimilation process, described in section 2.1.2
for ERA5, is here applied at regional scale, allowing the model to ingest a denser and more detailed
observational network than is possible at global resolution. This yields a physically consistent dataset
that more accurately represents European weather and climate variability, especially in complex terrain
and coastal zones.

Vertically, CERRA uses 106 model levels extending to 1 hPa, but most outputs are provided on
29 pressure levels (1000–1 hPa) and 11 fixed-height levels (15–500 m) to support applications such as
wind energy assessment. The 5.5 km horizontal grid means each point represents roughly 30 km2.

The temporal structure of CERRA output differs from the hourly analysis cycle of ERA5. Eight
reanalyses are produced each day, every three hours from 00 UTC to 21 UTC. For each analysis time,
a short-range forecast is run for the next six hours; at 00 UTC and 12 UTC, extended forecasts up to
30 hours are also generated at three-hourly intervals after the first six hours. While CERRA provides
fields for every hour of the day, only the hours corresponding to analysis times benefit directly from
observational correction; intermediate hours are forecast-only.

CERRA’s variable set includes temperature, humidity, wind, precipitation, cloud cover, radiation,
and a range of surface parameters. Evaluations show that it generally outperforms ERA5 in 2 m
temperature and 10 m wind speed, while CERRA-Land improves precipitation and snow-depth repre-
sentation over its predecessors. These strengths have proven advantageous for numerous applications.
For example, CERRA outperforms ERA5-Land in reproducing temperature and bio-meteorological
indices, making it well suited for assessing heat-related health risks [GGA+23]. It has been applied to
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Figure 4: Overview of the CERRA production chain. Lateral boundary conditions are taken from the
10 ERA5-EDA ensemble members for the 10 ensemble members of CERRA-EDA. The CERRA-EDA
provides background errors estimates to CERRA, which is driven by ERA5 at the lateral boundary
conditions. CERRA-Land is then in turn driven by CERRA. Source: Copernicus Climate Change
Service, CERRA dataset overview (CDS).

renewable energy forecasting [NPR+23], water resource assessment through improved precipitation and
snow representation [VGBM21, MDKL23], and as a substitute for ground-based agro-meteorological
measurements [Pel23]. These capabilities make CERRA a valuable resource for regional climate anal-
ysis, adaptation planning, and policy development.

A key limitation is its lack of real-time availability: at the time of writing, the operational release
of CERRA lags by over two years due to the processing and quality control requirements of the
reanalysis cycle. Additional caveats include temporal inconsistencies in observation availability —
particularly for precipitation in eastern regions after reductions in reporting post-1999 — and small
spin-up discontinuities in deep soil layers between production streams, which are best avoided by using
CERRA-Land for such variables. Furthermore, the relatively short temporal coverage (1984–2021)
means that climate trend analyses should be interpreted with caution. These constraints limit some
uses, but do not diminish CERRA’s value as a detailed, high-quality historical record for Europe.

CERRA-EDA CERRA-EDA [RBM+24] is an Ensemble of Data Assimilation (EDA) system com-
prising 10 members, designed to provide flow-dependent background error statistics for the determinis-
tic CERRA reanalysis. It is based on the same HARMONIE-AROME [BAA+17, TFB+18] modelling
framework and observational dataset as the deterministic CERRA system (except for the exclusion of
the Microwave Sounding Unit), but runs at a coarser 11 km horizontal resolution (versus 5.5 km in
CERRA) and with longer time steps.

The CERRA-EDA system covers the same temporal period as CERRA, from January 1985 to
the present, producing 6-hourly analyses (00, 06, 12, and 18 UTC) and short-range forecasts up to
+6 h for each ensemble member. One control member is generated without perturbations, while
the other nine members incorporate Gaussian-distributed, spatially uncorrelated perturbations to the
observations, scaled according to estimated observational errors. No perturbations are applied to sea
surface temperature, sea ice, or physical parameters. Lateral boundary conditions are taken from
the ERA5-EDA, which also consists of 10 members and operates on a 63 km global grid, thereby
introducing large-scale flow perturbations into the regional ensemble.

Analyses from CERRA-EDA are used to estimate background error covariances for CERRA’s three-
dimensional variational assimilation (3D-Var) scheme. While CERRA-EDA is run in advance of the
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deterministic CERRA, the lower resolution and longer time steps enable it to complete production
faster, with the 10 ensemble members processed in parallel. The resulting dataset, available through
the Copernicus Climate Data Store in GRIB and NetCDF formats, provides both a crucial input to the
deterministic reanalysis and a stand-alone research-grade regional ensemble reanalysis that supports
uncertainty estimation and climate studies at high latitudes.

Producing a regional reanalysis ensemble such as CERRA-EDA is a computational feat: even at 11
km resolution, with longer time steps and pared-back physics perturbations, generating 10 members
over decades of data demands vast high-performance computing resources. This inherent cost explains
why the resolution must be reduced compared to the deterministic CERRA. In this thesis we explore
in Section 5 how neural emulators can be trained to act as efficient surrogates for such ensembles.
The aim is to capture the uncertainty information provided by CERRA-EDA at a fraction of the
computational expense, opening the door to more frequent, higher-resolution, and accessible regional
ensemble reanalyses.

CARRA The Copernicus Arctic Regional Reanalysis (CARRA) dataset [Cop24] is specifically de-
signed to represent the unique environmental and climatic conditions of the Arctic region in greater
detail than global reanalyses such as ERA5. While ERA5 provides a 31 km global resolution, CARRA
offers a 2.5 km horizontal resolution on Lambert conformal grids (CARRA-WEST: 1069 × 1269,
CARRA-EAST: 789 × 989) with 65 vertical levels, capturing finer details essential for understand-
ing the Arctic’s rapidly changing climate. Observational records and climate projections show that
warming in the Arctic occurs at over twice the global average rate, leading to increased environmen-
tal and economic activities and driving a need for detailed data to support climate adaptation and
management in the region.

Figure 5: The CARRA-West and CARRA-East (Copernicus Arctic Regional Reanalysis) domains.
Source: Copernicus Climate Change Service, CARRA dataset overview (CDS). Source: ECMWF,
Copernicus Arctic Regional Reanalysis (CARRA) – Added value to the ERA5 global reanalysis.

CARRA leverages the same HARMONIE-AROME weather prediction model as CERRA, enhanced
for reanalysis applications at the ECMWF high-performance computing facility. It features a three-
hourly analysis cycle and hourly short-range forecasts (up to +30 h from 00 and 12 UTC), updated
monthly, covering the period from 1991 to present. The system employs a three-dimensional variational
(3D-Var) scheme for upper-air assimilation and optimum interpolation for surface and soil variables,
with ERA5 providing lateral boundary conditions. Its data assimilation integrates a wide range of
sources, including extensive local observations from Nordic countries and Greenland, advanced satellite-
derived glacier albedo data, improved sea ice and snow initialization, and high-resolution physiography
and orography data. The latter includes refined glacier masks, land–sea mask corrections for Greenland
fjords, improved representation of the Austfonna Ice Cap, and increased snow roughness lengths to
mitigate winter wind biases. The surface physics is based on SURFEX v7.3 [MLMM+13], and the
model uses the SICE thermodynamic sea-ice scheme with annual re-initialization of glacier snow water
equivalent each 1 September to prevent melt artifacts.
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For accumulated variables (e.g., precipitation and energy fluxes), the recommended usage is to avoid
the 0–6 h forecast range after each analysis to reduce spin-up, instead using +6 h to +18 h forecasts;
instantaneous hourly values can be taken from the +1 h/+2 h steps between analyses. CARRA
generally shows improved agreement with in-situ observations compared to ERA5, particularly for
near-surface variables over complex terrain and coastal regions, and better representation of extremes.

The dataset spans two key domains, which overlap around Svalbard and Jan Mayen:

• CARRA-WEST, covering Greenland, the Labrador Sea, Davis Strait, Baffin Bay, Denmark
Strait, Iceland, Jan Mayen, the Greenland Sea, and Svalbard.

• CARRA-EAST, which includes Svalbard, Jan Mayen, Franz Josef Land, Novaya Zemlya, Barents
Sea, and the northern regions of the Norwegian Sea and Scandinavia.

These domains encompass the Arctic’s four largest land ice bodies, including the Greenland Ice
Sheet and the Austfonna Ice Cap, which are focal points in climate research. CARRA’s high resolution
allows for accurate representation of critical Arctic-specific weather phenomena, such as polar lows in
the North Atlantic and Greenland’s downslope katabatic winds, which have significant implications
for local communities and maritime activities.

Figure 6: T2m air temperature at south Greenland and Iceland 15 February 2014 00 UTC for CARRA
(left) and ERA5 (right). Source: ECMWF, Copernicus Arctic Regional Reanalysis (CARRA) – Added
value to the ERA5 global reanalysis.

In this thesis, we focus on the CARRA-WEST domain. Crucially, unlike CERRA and ERA5,
CARRA does not provide an Ensemble Data Assimilation (EDA) version of the dataset, and thus lacks
ensemble information. Yet ensemble datasets are essential for quantifying uncertainties [WMS+20,
LGWZN+24a, LGG24], detecting extreme events [TFS15], and performing ensemble-based statistical
analyses critical for assessing the likelihood of compound extreme events [KLS+23, ASB+19]. The
paper presented in Section 5 of this thesis directly addresses this limitation, exploring approaches to
supplement or approximate ensemble-based uncertainty estimates for high-resolution Arctic reanalysis
data.

2.1.3 Operational NWP forecasts

Operational Numerical Weather Prediction (NWP) forecasts are the model-based weather forecasts
that form the basis of the daily and medium-range predictions used by meteorologists, the public,
and weather-sensitive sectors. They provide guidance from a few hours ahead up to around 15 days,
covering the short- and medium-term timescales where accurate atmospheric prediction is still possible.
These forecasts are routinely produced by national and international meteorological agencies, updated
several times per day, and disseminated globally to support decision-making in areas such as aviation,
shipping, agriculture, disaster preparedness, and general public information.

In the broader context of meteorological data, operational NWP forecasts differ fundamentally from
the other main categories while sharing a common heritage. Like reanalyses and climate projections,
they are produced using comprehensive numerical models of the atmosphere that solve the same set
of physical equations and often share large parts of their code base. The distinction lies primarily in
initialization and purpose: reanalyses reconstruct past atmospheric states by assimilating historical
observations, climate projections integrate the same type of models far into the future without data
assimilation under prescribed forcing scenarios, and operational NWP forecasts start from the current
observed state and extend the simulation into the near future. All three produce spatially complete,
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gridded datasets, but operational NWP is unique in its high update frequency and its focus on rapid
delivery for real-time decision-making.

A notable example of this shared modeling heritage is the Integrated Forecasting System (IFS)
[WBD+15] developed by ECMWF. This single modeling framework underpins the ERA5 reanalysis,
the HRES and ENS operational forecasts, and is also used in CMIP climate projection modeling
activities, illustrating how a single numerical system can operate in all three modes [RSM+18].

Alongside ECMWF’s Integrated Forecasting System (IFS) in its High-Resolution Forecast (HRES)
configuration, a number of other operational NWP systems are produced by global and regional fore-
casting centers. At the global scale, these include the NOAA/NCEP Global Forecast System [Nat07]
(GFS; 0.25° resolution, up to 16-day lead time, 4 runs/day), the ECMWF Ensemble Prediction Sys-
tem (ENS; 50 members), the German Weather Service’s ICON model [Deu23], the UK Met Office
Global model, and the CMA-GFS [SSZH23] operated by the China Meteorological Administration.
The number of such global forecasting systems is small, as they are extremely costly to design and,
even more so, to run operationally at high resolution. Several high-resolution, convection-permitting
regional systems are also in widespread operational use, such as AROME (Météo-France) [GKDR+24],
HRRR [Nat25] (High-Resolution Rapid Refresh, U.S., 3 km resolution, hourly updates), and the JMA
GSM [Jap25] (Japan).

Despite their importance, operational NWP datasets can be difficult to access in bulk. Many
national meteorological services provide free access only to limited subsets—often reduced in spa-
tial resolution, temporal frequency, or number of variables—while retaining full-resolution historical
archives under licensing restrictions or paid access agreements. Even for open datasets such as the
GFS, which is freely available, building large training archives can be impractical. The data are
typically distributed as large, monolithic forecast files, making it necessary to download terabytes of
information even if only a single variable is needed. Archives are often split across different storage
locations depending on the time period, and long-term coverage can include missing or corrupted files.
For applications such as training neural weather models, where multi-year, variable-specific datasets
are required, these factors pose a significant barrier.

Machine learning-based forecasting systems have emerged as a promising complement to tradi-
tional NWP, although most remain in the research and development stage rather than fully op-
erational. Approaches such as Google DeepMind’s GraphCast, ECMWF’s AIFS, Huawei’s Pangu-
Weather, NVIDIA’s FourCastNet, and the MetNet family have demonstrated that high-quality global
forecasts can be produced without the expensive numerical integration of full-physics models. By re-
placing hours of supercomputing time with seconds or minutes of inference on far more modest hard-
ware, these methods drastically reduce the computational cost of producing forecasts. This efficiency
could enable a much wider range of institutions and countries to run high-quality global prediction
systems, breaking the historical dominance of a handful of well-funded national centers.

2.1.4 Climate Projections

Climate projections provide physically based estimates of the possible future evolution of the climate
system under specified socio-economic and greenhouse gas emission scenarios. Climate projections
are forward-looking simulations driven by prescribed changes in atmospheric composition, land use,
and other forcings. They are conditional outcomes: if a given emissions pathway were to occur, the
climate system would likely evolve in a manner consistent with the model’s physical representation of
the Earth system.

Although climate projections and reanalyses are often discussed as distinct products, the underlying
numerical models are frequently from the same family. Many atmospheric and coupled Earth system
models can be configured for both purposes, with the principal difference lying in the inclusion of
a data assimilation system. In a reanalysis, observations are continually ingested via schemes such
as three- or four-dimensional variational assimilation or ensemble Kalman filters, ensuring that the
simulated state remains close to reality. In a projection, the model is instead initialized once and
then run freely under prescribed external forcings, with its trajectory determined solely by the model
physics. The physical parameterizations are generally similar in both cases, although reanalyses may
tune them for short-term forecast accuracy, while projections prioritize long-term climate stability and
energy balance. Another common difference is in coupling: many reanalyses use an atmosphere-only
model forced by observed ocean and sea ice conditions (e.g., ERA5), while climate projections from
GCMs like MPI-ESM-LR simulate a fully coupled Earth system—including atmosphere, ocean, land,
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and sea ice—to capture long-term feedbacks.
Global Climate Models (GCMs) operate at horizontal resolutions of about 1° to 2° (roughly 100–200

km), enabling them to capture large-scale circulation patterns and broad climate responses to exter-
nal forcings, but not fine-scale regional processes. They simulate the coupled atmosphere, ocean,
land, and cryosphere over multi-decadal to centennial timescales, typically including both a historical
period—used to evaluate model performance against observations—and future periods driven by pre-
scribed forcing scenarios. These scenarios, such as the Representative Concentration Pathways (RCPs)
used in CMIP5 [TSM12] and the more recent Shared Socioeconomic Pathways (SSPs) used in CMIP6
[EBM+16b], describe possible trajectories of radiative forcing (in W m−2) until the year 2100, along
with internally consistent evolutions of greenhouse gas emissions, aerosols, and land-use changes. Sce-
nario uncertainty, together with internal variability and differences in model formulation, forms one of
the three main sources of uncertainty in climate projections. Examples of widely used GCMs include
MPI-ESM, developed by the Max Planck Institute for Meteorology, and NorESM, developed by the
Norwegian Climate Centre, both of which have been extensively employed as driving models in regional
downscaling projects such as EURO-CORDEX.

Because GCM resolution is insufficient to resolve regional details such as complex topography,
coastlines, and small-scale weather phenomena, a process known as downscaling is often applied.
Downscaling can be achieved dynamically, using Regional Climate Models (RCMs) that are nested
within GCMs and run at finer spatial resolution over limited domains, or statistically, using empirical
or machine-learning techniques that link large-scale and local climate features. RCMs are particularly
valuable for impact assessments, as they can explicitly represent processes at scales of tens of kilometres
or less, producing output suitable for sectors such as agriculture, hydrology, and urban planning.

The Coordinated Regional Downscaling Experiment (CORDEX), initiated by the World Climate
Research Programme, provides a framework for producing and distributing consistent RCM simulations
across multiple regions of the globe [GG15]. Within this framework, EURO-CORDEX focuses on
Europe and offers simulations at horizontal resolutions of 0.44° ( 50 km) and 0.11° ( 12 km), driven
by a range of GCM boundary conditions and emission scenarios. EURO-CORDEX data have become
a standard resource for regional climate impact studies across Europe due to their high resolution,
multi-model ensembles, and standardised protocols.

Beyond CORDEX, other RCM initiatives exist, often tailored to specific domains or research needs.
Examples include PRUDENCE [CCRA07] (Prediction of Regional scenarios and Uncertainties for
Defining European Climate change risks and Effects), which provided early high-resolution climate
projections for Europe; NARCCAP [MSL+13] (North American Regional Climate Change Assessment
Program) for North America; and dynamically downscaled experiments conducted by national mete-
orological agencies such as DMI-HIRHAM [CDC+07] in the Nordic region or UKCP [MSJ+09] (UK
Climate Projections) in the United Kingdom. These complementary efforts highlight the broad appli-
cability and diversity of regional modelling strategies for climate change assessment. In Section 2.1.4
a comparison between the presented RCMs is reported.

In this thesis, climate projections from the EURO-CORDEX framework will be employed in Sec-
tion 6 to train data-driven downscaling approaches and investigate the representation of multiple
climate variables at high spatial resolution. Specific model configurations and scenarios used in the
experiments will be described in detail in the relevant sections.

2.2 Deep Learning in Climate Science
In this section we present a historical review of the trajectory of research on neural networks in
climate and weather science, focusing on forecasting, downscaling, and related applications. The goal
is to highlight the main breakthroughs and most relevant works of the past three decades, providing
a concise and practical guide to situate the current state of research. For clarity, we divide the
literature into three periods. The first, spanning the 1990s and 2000s, covers the foundations and early
neural network applications, when multilayer perceptrons were primarily used as nonlinear statistical
tools for localized forecasting or downscaling. The second, the 2010s, marks the emergence of deep
learning, with the adoption of convolutional and recurrent architectures and the conceptual shift from
point-based to field-based modeling. The third, the 2020s, documents the maturation of the field,
when machine learning approaches became competitive with, and in some cases superior to, numerical
weather prediction, extending into generative ensembles, physics-informed hybrids, and foundation
models.
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Initiative Domain Resolution Notes
EURO-CORDEX Europe 0.44°–0.11° European branch of CORDEX; multi-

RCM, multi-GCM framework; widely
used in impact studies across Europe.

AFRICA-
CORDEX

Africa 0.44°–0.22° African branch of CORDEX; focuses on
continental-scale climate projections,
often used for adaptation planning.

MED-CORDEX Mediterranean 0.44°–0.11° CORDEX branch for the Mediter-
ranean basin; includes coupled atmo-
sphere–ocean RCMs.

EAS-CORDEX East Asia 0.44°–0.22° CORDEX domain for East Asia;
includes contributions from Chinese
Academy of Sciences and national me-
teorological agencies; uses models such
as RegCM4 and PRECIS.

SEA-CORDEX Southeast
Asia

0.44°–0.22° CORDEX domain for Southeast Asia;
coordinated by regional climate centres
and universities; focuses on monsoon
variability and tropical cyclones.

SA-CORDEX South Asia 0.44°–0.22° CORDEX domain for South Asia; coor-
dinated by the Indian Institute of Trop-
ical Meteorology; targets monsoon dy-
namics and high-impact events.

PRUDENCE Europe ∼50 km Early coordinated RCM experiment
(2001–2004); precursor to CORDEX.

NARCCAP North Amer-
ica

50 km Multi-RCM, multi-GCM framework for
climate change impacts over the U.S.,
Canada, and northern Mexico.

DMI-HIRHAM Nordic/Arctic 5–25 km High-resolution RCM by the Danish
Meteorological Institute, used in Arc-
tic and Nordic regional studies.

UKCP United King-
dom

12 km UK Met Office high-resolution projec-
tions with probabilistic ensembles for
impact assessment.

Table 2: Selected regional climate modelling datasets.
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2.2.1 1990s–2000s: Foundations and Early Neural Nets

Architecturally, meteorological neural networks of the 1990s and 2000s were almost exclusively shallow
models, with just one or two hidden layers and small neuron counts by today’s standards [McC92,
NC94, MS96]. The workhorse was the multilayer perceptron trained with the backpropagation algo-
rithm [McC92, KB98], but the label artificial neural network (ANN) encompassed a broader family. At
the time, there was no consensus that backpropagation would become the de facto standard, and re-
searchers explored alternatives, including radial basis function networks (RBFNs) and self-organizing
maps (SOMs) discussed in reviews of the time [HT98, MKA02]. These alternatives often required
different training paradigms: for example, RBFNs typically set hidden-layer centers via unsupervised
clustering and fitted output weights with least-squares regression [MKA02]. This diversity reflected
not only the absence of an agreed “best practice” for training neural networks in forecasting, but
also the severe computational constraints of the era, when both processing power and memory were
extremely limited compared to modern GPU-based workflows.

Experimentally, this period also saw the emergence of hybrid approaches, in which neural networks
were combined with other computational techniques to improve performance or interpretability—e.g.,
fuzzy neural networks and rough set–based feature selection, as well as ensembles that merged the
outputs of different architectures [LL05, MKA02]. These methods reflected an exploratory spirit, as
researchers sought to boost skill scores, reduce overfitting, and adapt models to the noisy, incomplete
datasets common in meteorology.

Methodologically, most neural network models operated in a point-to-point fashion. Each observa-
tion site or grid cell was treated as an independent sample, represented by a vector of meteorological
predictors such as stability indices, SST anomalies, or recent rainfall totals [McC92, NC94]. Spatial
context, if used, was incorporated indirectly—through engineered features like neighboring station val-
ues—or by preprocessing gridded fields with techniques such as principal component analysis (PCA)
[JM02]. Convolutional processing of spatial data, which would later become central to neural weather
prediction, was not yet in use, and convolutional neural networks (CNNs) played no role in operational
or research meteorology at the time.

In application, these models were typically task-specific and data-limited. They targeted single
variables—rainfall, temperature, wind, severe weather occurrence—trained on relatively small datasets
constrained by observational archives [SPA+06, HM07, HBWT09]. Forecast lead times ranged from a
few hours (e.g., thunderstorm or flood nowcasting) [McC92, LOLB04, HBWT09] to seasonal predictions
[NC94]. ANNs were deployed both as stand-alone predictors and as nonlinear post-processors of
numerical weather prediction (NWP) output [KB98], frequently outperforming regression/MOS and
time-series baselines such as ARIMA on nonlinear, local-scale problems [KB98, SPA+06].

For what concerns statistical downscaling, early studies in this period demonstrated that multilayer
perceptrons could be trained to translate large-scale atmospheric predictors from reanalyses or GCMs
into local-scale climate variables. Examples include applications to temperature and precipitation
extremes in the United States [SP01], seasonal precipitation and temperature in the Great Lakes Basin
[CDA05], and daily weather elements for rainfall–runoff modelling in Canada [KCD06]. These works
showed that even with shallow architectures and limited computing resources, ANNs could capture
nonlinear relationships between coarse-resolution climate drivers and station-level observations, often
outperforming conventional regression-based downscaling in representing variability and extremes.

2.2.2 2010s: Deep Learning Emerges in Climate Science

The 2010s represented a decade of profound transformation for the application of neural networks
in the atmospheric sciences, marking a clear division between two distinct eras. The first half of
the decade was characterized by the use of machine learning as a refined statistical tool for localized
problems, in continuity with the state of the art of the late 2000s, described in Section 2.2.1. During
this period, Artificial Neural Networks, typically Multi-Layer Perceptrons, were used to model non-
linear relationships in vector-based data. Research from this time commonly features models designed
for specific tasks at individual locations. For instance, studies by Baboo & Shereef (2010) [BS10] and
Abhishek et al. (2012) [ASGA12] showcase the use of ANNs to create efficient, automated systems for
forecasting weather parameters at a single site from past measurements. This approach treated the
problem as a time-series regression, a common and practical application for the models of the time.

The research landscape of the early 2010s also involved extensive comparisons between different
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Year Authors Task / Variable Architecture Key Contribution

1992 McCann [McC92] Thunderstorm fore-
casting (3–7 h)

MLP (BPN) First operational
ANN in US forecast
center; used lifted
index & moisture con-
vergence.

1994 Navone & Ceccatto
[NC94]

Seasonal Indian mon-
soon rainfall

MLP (BPN) First seasonal climate
forecast skill with
ANNs

1996 Marzban & Stumpf
[MS96]

Tornado occurrence
prediction

MLP Used Doppler radar
attributes for severe
weather guidance.

1997 Hsu et al. (PER-
SIANN) [SHG+00]

Rainfall estimation
from satellite IR

Adaptive ANN First adaptive NN
rainfall retrieval from
remote sensing im-
agery.

2001 Schoof & Pryor
[SP01]

Downscaling tempera-
ture and precipitation
extremes (USA)

MLP (BPN) Linked large-scale
predictors to local
extremes; selectively
outperformes regres-
sion

2002 Jaruszewicz &
Mandziuk [JM02]

Weather prediction MLP + PCA Dimensionality reduc-
tion improved ANN
forecast skill.

2002 Maqsood et al.
[MKA02]

Daily weather vari-
ables

MLP, Elman, RBFN,
ensembles

Ensembles outper-
formed single mod-
els for temperature,
wind, humidity.

2004 Lekkas et al.
[LOLB04]

Flood forecasting (7
h)

MLP (BPN) Added error predic-
tion correction to im-
prove precision.

2005 Coulibaly et al.
[CDA05]

Downscaling precip-
itation and temper-
ature (Great Lakes
Basin)

Temporal NN Captured nonlinear
predictor–predictand
relationships; im-
proved seasonal hy-
drological forecasts.

2005 Li & Liu [LL05] Weather forecasting Rough-set-based
Fuzzy NN

Hybrid for uncer-
tainty handling and
feature selection.

2006 Khan et al. [KCD06] Downscaling daily
weather for rain-
fall–runoff modelling
(Ontario)

MLP (BPN) Translated large-scale
predictors to local
daily variables for
hydrological applica-
tions.

2006 Somvanshi et al.
[SPA+06]

Rainfall (Hyderabad,
104 yrs)

MLP (BPN) ANN outperformed
ARIMA in handling
nonlinear patterns.

2007 Hayati & Mohebi
[HM07]

Short-term tempera-
ture

MLP Achieved lowest er-
rors among compared
models.

2009 Hung et al.
[HBWT09]

Real-time rain-
fall & flood mgmt
(Bangkok)

Generalized feedfor-
ward NN

Integrated multiple
stations; better than
persistence; identified
key predictors.

Table 3: Selected influential neural network studies in meteorology during the 1990s and 2000s, includ-
ing early applications to statistical downscaling. BPN = backpropagation network; QPF = quantitative
precipitation forecast; PCA = principal component analysis; RBFN = radial basis function network.
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Year Authors Task / Variable Architecture Key Contribution

2010 Baboo & Shereef
[BS10]

Local weather fore-
casting

MLP (ANN) Efficient, automated
forecasting for a sin-
gle location.

2011 Chadwick et al.
[CCG11]

Downscaling GCM to
RCM scale

MLP (ANN) Used ANN as a com-
putationally cheap
emulator for a physi-
cal model (RCM).

2011 Kisi & Cimen
[HWLD14]

River flow forecasting MLP, SVM, ANFIS Compared multiple
shallow ML models.

2012 Abhishek et al.
[ASGA12]

Local weather fore-
casting

MLP (BPN) Standard example of
localized time-series
forecasting with a
simple ANN.

2015 Shi et al. [SCW+15] Precipitation now-
casting (radar)

ConvLSTM Introduced ConvL-
STM to learn spatio-
temporal dependen-
cies from image se-
quences.

2016 Liu et al. [LRC+16] Extreme weather de-
tection

CNN First to treat climate
data as fields for au-
tomated feature de-
tection with a CNN.

2017 Vandal et al.
[VKG+17]

Statistical downscal-
ing (precip/temp)

CNN (SRCNN) Framed downscal-
ing as a single-image
super-resolution com-
puter vision problem.

2017 Shi et al. [SGL+17] Precipitation now-
casting (radar)

TrajGRU new model Handle
location-variant mo-
tion, improving on
ConvLSTM.

2017 Racah et al.
[RBM+17]

Extreme weather de-
tection

Spatio-temporal CNN Created a benchmark
dataset and used
a semi-supervised
model.

2018 Rodrigues et al.
[ROCN18]

Statistical downscal-
ing

Deep CNN Validated deep learn-
ing for downscaling
with a deeper, more
powerful architecture.

2018 Khodayar & Wang
[KW18]

Wind speed forecast-
ing

Spatio-temporal GNN Introduced GNNs
for handling irreg-
ular spatial data in
weather forecasting.

2019 Agrawal et al.
[ABB+19]

Precipitation now-
casting (radar)

U-Net Applied U-Net for
dense prediction, pre-
serving fine spatial
details in rainfall.

2019 Weyn et al. [SBG+21] Global weather fore-
casting (Z500)

Deep CNN (U-Net
like)

Proof-of-concept for
deep learning as a po-
tential global forecast
model replacement.

Table 4: Selected influential neural network studies in meteorology during the 2010s, illustrating the
shift from point-to-point MLP models to field-to-field deep learning architectures. MLP = Multi-layer
Perceptron; GCM/RCM = Global/Regional Climate Model; CNN = Convolutional Neural Network;
GNN = Graph Neural Network.
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shallow learning models to find the optimal tool for a given task. A representative example is the
work by Kisi & Cimen (2011) [HWLD14], which compared the performance of ANNs against Support
Vector Machines and neuro-fuzzy systems for forecasting river flow, concluding that no single model
was universally superior. Concurrently, more ambitious applications began to emerge, acting as pre-
cursors to modern deep learning. The work by Chadwick et al. (2011) [CCG11] used an ANN as a
computationally inexpensive proxy model, or emulator, to learn the complex relationships involved
in downscaling from a coarse Global Climate Model to a finer Regional Climate Model. While still
conceptually a point-to-point model, this represented a significant step toward using machine learning
to bridge scales in climate modeling.

A paradigm shift occurred around the middle of the decade, spurred by advances in computer vision
and hardware. Researchers began to treat gridded meteorological data not as a collection of points, but
as images, enabling the use of deep learning architectures that could process spatial information. This
conceptual leap from ”point-to-point” to ”field-to-field” models defines the second half of the decade.
Landmark work soon demonstrated that a Convolutional Neural Network (CNN) could automatically
detect extreme weather events like tropical cyclones within large climate datasets, a task previously
requiring laborious manual analysis [LRC+16]. This approach was further refined through the devel-
opment of more advanced spatiotemporal CNNs and the creation of large, standardized benchmarks
like the ”ExtremeWeather” dataset, which facilitated model development and comparison [RBM+17].
These changes were further enhanced by the emergence of modern neural design libraries, such as
Tensorflow and PyTorch, which streamlined the design and training processes.

The application of CNNs to statistical downscaling followed a similar path of rapid innovation.
Vandal et al. (2017) [VKG+17] framed the problem as a single-image super-resolution task, a classic
computer vision challenge, successfully training a CNN to generate high-resolution climate projections.
This approach was further improved by implementing more sophisticated CNN designs, which yielded
significant skill improvements against previous point-to-point approaches and validated deep learning
as a practical tool for generating high-resolution weather forecasts [ROCN18]. The emergence of the
U-Net architecture, with its broad applicability and the ability to preserve fine spatial detail, also
proved highly effective for dense prediction tasks like precipitation nowcasting [ABB+19].

Alongside these spatial pattern recognition models, novel architectures were invented to handle
spatio-temporal sequences. The introduction of the Convolutional LSTM (ConvLSTM) by Shi et
al. (2015) was a seminal moment, providing an elegant architecture that could process both spatial
and temporal dependencies simultaneously, setting a new standard for precipitation nowcasting from
radar imagery [SCW+15]. The same group later identified a key limitation of the ConvLSTM—that
its learned patterns are spatially uniform—and proposed the Trajectory GRU (TrajGRU) in 2017
[SGL+17]. This new model could learn location-variant motions, representing a significant step toward
encoding more physical realism within deep learning models. This period also saw a diversification
in architectures to handle different types of spatial arrangements. While CNN-based models excelled
on regular grids, Khodayar and Wang (2018) introduced a Graph Neural Network (GNN) to forecast
wind speed across the irregular layout of wind farms, demonstrating the flexibility of deep learning
in adapting to the specific physical structure of a problem [KW18]. By the end of the decade, the
ambition of the field had grown immensely, culminating in works like that of Weyn et al. (2019), which
used a deep CNN to forecast global atmospheric fields for several days, posing a direct challenge to
traditional numerical models and shifting the perception of deep learning from a subordinate tool to
a potential framework for weather prediction itself [SBG+21].

2.2.3 2020s: Scale, Speed, and Probabilistic Models

The 2020s constitute a decisive period in the evolution of neural network applications in meteorology
and climate science. Whereas the 2010s had already witnessed the transition from localized, point-
based regression models to deep learning architectures capable of processing gridded meteorological
fields, the subsequent decade was marked by the demonstration of competitiveness of machine learning
systems relative to established numerical weather prediction (NWP).

The decade opened with evaluations of feasibility. New datasets with standardized metrics enabled
more rigorous comparison of approaches, and early results suggested that convolutional neural networks
could match coarse-resolution NWP on short-term tasks while running at much lower cost [GRT22].
Weyn et al. [WDC20, WDCCC21] extended these approaches to global domains, showing multi-
day forecasts and some subseasonal skill. In parallel, MetNet [SEH+20] demonstrated operationally
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Year Authors Task / Variable Architecture Key Contribution

2020 Rasp et al. [GRT22] Benchmarking fore-
casting

ResNet (baseline) Standardized evalu-
ation for data-driven
forecasts.

2020 Weyn et al. [WDC20] Global medium-range U-Net (cubed sphere) Stable multi-day fore-
casts, outperformed
low-res NWP.

2020 Sønderby et al.
[SEH+20]

Nowcasting precipita-
tion

Attention CNN 1 km nowcasts up
to 8 h; beat regional
NWP at 7–8 h.

2020 Stengel et al.
[SGHK20]

Climate downscaling GAN Adversarial super-
resolution for wind/-
solar data.

2021 Weyn et al.
[WDCCC21]

Subseasonal CNN ensembles ML ensembles com-
petitive with opera-
tional S2S models.

2022 Pathak et al.
[PSH+22]

Global medium-range AFNO (FourCastNet) Fast 0.25° forecasts;
near-parity with
ECMWF IFS.

2022 Bi et al. [BXZ+22] Global medium-range 3DEST (Pangu) Match ECMWF
HRES on 1–7 d fore-
casts.

2022 Keisler [Kei22] Global medium-range GNN Early GNN for global
forecasts; precursor to
GraphCast.

2022 Lam et al.
[LSGW+22]

Global medium-range GNN (GraphCast) Outperformed
ECMWF HRES on
90% of variables.

2023 Chen et al. [CZZ+23] Subseasonal Cascaded Transform-
ers

Skillful out to 15 d;
ensembles rivaled
ECMWF EPS.

2023 Nguyen et al.
[NBK+23]

Multi-task climate Transformer (Cli-
maX)

First foundation
model; pretrained for
transfer across tasks.

2024 Rasp et al.
[PSGA+23]

Ensemble medium-
range

Diffusion (GenCast) First to beat
ECMWF ENS at 15-d
ensembles.

2024 Bodnar et al. [Bod24] Multi-domain Earth
system

Swin Transformer
(Aurora)

Foundation model
spanning atmosphere,
ocean, air quality.

2024 Kochkov et al.
[KYL+24]

Hybrid NWP/ML NeuralGCM ML + differentiable
core; long forecasts
with physics consis-
tency.

2025 Asperti et al.
[AMP+25]

Precipitation forecast-
ing

DDIM Diffusion Probabilistic forecasts
with ensemble diffu-
sion models.

2025 Merizzi et al.
[MEL25]

Ensemble methods DDIM Diffusion Advanced variance
control in diffusion
ensembles.

2025 Bonev et al.
[BKM+25]

Long-range ensembles Spherical operator
(FourCastNet3)

60-d ensembles; sur-
passed IFS-ENS.

Table 5: Selected influential neural network studies in meteorology during the 2020s, including thesis
contributions. The decade saw a progression from benchmarks and feasibility to operationally com-
petitive forecasts, probabilistic diffusion ensembles, and multi-domain foundation models.
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relevant skill in precipitation nowcasting, while Stengel et al. [SGHK20] applied GANs for climate
downscaling. These early contributions established neural networks as credible complements to physics-
based models.

By 2022–2023, the field shifted from feasibility to direct competition with operational NWP.
Landmark contributions such as FourCastNet [PSH+22], Pangu-Weather [BXZ+22], and GraphCast
[LSGW+22] marked a step change: each demonstrated skill that matched ECMWF’s high-resolution
deterministic forecasts across a majority of variables and lead times, while reducing computational
costs by several orders of magnitude. FuXi [CZZ+23] extended this paradigm to subseasonal scales,
maintaining ensemble-like skill out to 15 days. Collectively, these systems transformed machine learn-
ing–based forecasting from an experimental research line into a demonstrably efficient alternative, ca-
pable of providing high-resolution, global forecasts faster and more efficiently than traditional methods.
Nevertheless, important questions remain as to whether such models can truly substitute numerical
approaches. They are dependent on numerical reanalyses for training data, and without continual
retraining may drift out of distribution as the climate evolves. Moreover, concerns persist within the
scientific community regarding whether purely neural forecasts provide sufficient physical consistency
and guarantees to be relied upon in high-risk decision-making contexts.

As models achieved parity with deterministic NWP, attention increasingly turned to the ability
of neural approaches to represent the probabilistic nature of the atmosphere. GenCast [PSGA+23]
introduced diffusion-based generative modeling for ensemble forecasting, producing calibrated 15-day
global ensembles that outperformed ECMWF’s operational ENS. Hybrid models such as NeuralGCM
[KYL+24] combined machine learning parameterizations with differentiable dynamical cores, extend-
ing forecast horizons while preserving physical consistency. This thesis contributes to this emerging
line of research by exploiting diffusion ensembles for both high-quality downscaling [MAC24a, MEL25]
and probabilistic forecasting [AMP+25], and by advancing methodological understanding of variance
control in diffusion ensembles [MEL25]. These developments marked a second turning point: machine
learning systems were no longer only replicating deterministic trajectories, but were capable of gen-
erating ensembles with realistic spread, sharper spatial features, and improved calibration relative to
traditional stochastic perturbation methods.

In the late 2020s, research began to diversify into several distinct but complementary directions.
One line of work focuses on foundation models, inspired by large language models, which are pretrained
on heterogeneous climate and weather datasets and then fine-tuned for multiple downstream appli-
cations (e.g., ClimaX [NBK+23], Aurora [Bod24]). A second direction emphasizes physics-informed
approaches, such as hybrid models and PINNs, which integrate conservation laws and physical consis-
tency into neural architectures (e.g., NeuralGCM [KYL+24]). A third strand explores multi-variable
learning, motivated by the interconnected nature of the Earth system; in this thesis we demonstrate
that jointly downscaling multiple variables improves overall performance [ML25]. Together, these de-
velopments highlight a shift from single-task models toward more integrated frameworks that aim to
unify accuracy, physical consistency, and cross-variable coherence.

Taken together, the research trajectory of the 2020s can be described in terms of three broad
phases: an initial feasibility phase, in which neural networks proved capable of reproducing weather
and climate dynamics; a competitiveness phase, in which machine learning systems exceeded the skill of
operational NWP; and a generalization phase, in which generative and multi-domain models extended
forecasting to probabilistic ensembles and integrated Earth system applications. Within less than a
decade, neural networks advanced from proof-of-concept demonstrations to operationally viable, state-
of-the-art forecasting systems. Rather than being confined to a single paradigm, current research now
spans multiple paths — from foundation models to physics-informed approaches and multi-variable
learning — positioning machine learning not merely as an accelerator of traditional NWP, but as a
potential new basis for atmospheric and climate prediction.

2.3 Evolution of Downscaling Methods
In this section, we provide an outline of the most relevant literature in the field of downscaling with deep
learning. We begin with an overview of conventional approaches, including statistical and dynamical
downscaling as well as simple interpolation techniques, which have long defined the methodological
backbone of the field. We then turn to neural approaches, starting from relatively simple non-spatial
models based on multi-layer perceptrons (MLPs), and progressing through convolutional networks,
transformer-based methods, and generative architectures such as GANs and diffusion models. This
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progression illustrates both the historical development of downscaling methods and the increasing
sophistication of deep learning techniques applied to climate and weather data.

2.3.1 Simple Interpolation Methods

Traditional super-resolution methods relied on simple interpolation schemes such as nearest-neighbor,
bilinear, or bicubic interpolation, which estimate unknown values from neighboring points according to
fixed deterministic rules [Key03, PKT07]. These approaches are computationally inexpensive and re-
producible, but they typically produce overly smooth fields and perform poorly at large scaling factors,
since they cannot reconstruct fine-scale variability that is absent from the coarse input. Despite these
limitations, interpolation methods remain important reference baselines in both computer vision and
climate downscaling. They are routinely included in benchmarking studies, where their performance
provides a lower bound against which more complex models can be assessed. In practice, interpolation
can also serve as a diagnostic tool: if a learned model does not outperform bicubic interpolation, the
downscaling task may be ill-posed or the model mis-specified, while the performance gap with respect
to interpolation provides a rough indication of task difficulty.

2.3.2 Conventional downscaling frameworks

The field of climate downscaling has traditionally been organized around two complementary method-
ological families: dynamical and statistical downscaling [MWI+10]. Both seek to bridge the scale
gap between global climate information and local impacts, but they do so in fundamentally different
ways. Dynamical approaches employ limited-area numerical models to explicitly resolve atmospheric
processes at higher resolution, while statistical approaches rely on empirical relationships that link
large-scale predictors to local climate variables. Together, these frameworks have provided the back-
bone of regional climate research for several decades, underpinning both scientific assessments and
climate services [WWC+98, FBT07]. They also define the reference point against which more recent
neural methods are developed and evaluated.

Dynamical downscaling Dynamical downscaling relies on limited-area numerical models that are
nested within global climate models (GCMs) or reanalyses [Gio90]. Regional Climate Models (RCMs)
typically operate at horizontal resolutions of 10–50 km, solving the governing equations of the at-
mosphere and land surface over a restricted domain. This approach is firmly grounded in phys-
ical principles and provides detailed representations of processes such as orographic precipitation,
land–atmosphere interactions, and coastal circulations. As such, RCMs have been central to coordi-
nated initiatives like CORDEX [GJA+09], where widely used models include RegCM, developed at
the International Centre for Theoretical Physics (ICTP), and COSMO-CLM [RWH08], maintained by
the CLM-Community.

At finer scales, Convection-Permitting Models (CPMs) reach horizontal resolutions of about 1–4
km, explicitly resolving deep convective processes such as thunderstorms and heavy rainfall events that
must otherwise be parameterized [PLF+15]. This allows a more realistic simulation of precipitation
extremes and storm dynamics, but it comes at very high computational cost. Both RCMs and CPMs
are demanding in terms of computing resources, with CPMs in particular often restricted to short
simulations, small domains, or limited ensembles. Nevertheless, they represent the most physically
sound downscaling methodology, and models such as ICON (Icosahedral Nonhydrostatic), developed
by the German Weather Service and the Max Planck Institute for Meteorology, are increasingly used
in convection-permitting climate experiments over Europe [ZRRB15].

The corpus of simulations produced with RCMs and CPMs also provides the fundamental refer-
ence data used to develop and train neural super-resolution approaches [BMMG20, VKG+17]. Because
high-resolution observational records are often sparse, many neural downscaling studies rely on syn-
thetic training pairs created by coarsening model output and learning to reconstruct the original
high-resolution fields. In this sense, the availability of RCM and CPM datasets is a prerequisite for
the effective training of neural models. At the same time, there is increasing interest in reducing
this dependency by designing neural architectures that can transfer across domains. Approaches such
as domain adaptation, distribution matching, and transfer learning aim to limit the need for local
high-resolution training data and to enable application across different spatial regions and temporal
periods.
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Statistical downscaling Statistical downscaling refers to methods that estimate local-scale climate
variables (predictands such as temperature, precipitation, or wind speed) from large-scale atmospheric
predictors, typically provided by global climate models (GCMs) or reanalyses. Unlike dynamical
downscaling, which explicitly solves the governing equations of the atmosphere at higher resolution,
statistical approaches rely on empirical relationships derived from data [WWC+98]. These relationships
are usually established using historical observations and then applied to generate local projections from
coarse-scale inputs.

A key assumption underlying statistical downscaling is that the empirical relationships identified
in the past remain valid under future climate conditions (the stationarity assumption) [Mar13]. The
approach also depends on the availability of sufficiently long and reliable observational records to train
and evaluate the models.

Classical implementations include regression-based methods such as linear and ridge regression
[KCD06], as well as stochastic weather generators like SDSM [WD13] and LARS-WG [SBLW02].
More flexible machine learning methods have subsequently been incorporated, including k-nearest
neighbours [GCR05], random forests [PYK+19, HCSS16], and support vector machines [PSC16]. En-
semble approaches [LYZ+16, SMMB+17] are also widely used to increase robustness and quantify
uncertainty.

Compared to dynamical downscaling, statistical approaches are computationally efficient and can
be rapidly deployed over large ensembles or long time periods, making them attractive for climate
services, impact assessments, and bias correction pipelines. They also allow for flexible incorporation
of non-linear relationships and can be adapted to specific variables or regions. However, statistical
methods are less physically transparent than dynamical models and remain sensitive to the assumption
of stationarity, which may not hold under strong climate change signals. Their performance is also
limited by the quality and availability of observational data, which constrains their applicability in
data-sparse regions.

Neural methods are often formally placed within the category of statistical downscaling [BMMG20],
as they share the same principle of learning empirical relationships between coarse predictors and
fine-scale targets. Nevertheless, the increasing incorporation of physics-informed architectures and
constraints suggests that this classification is becoming less clear-cut. Neural approaches can therefore
be seen as extending beyond traditional statistical methods, occupying an intermediate space between
purely empirical and fully dynamical frameworks.

2.3.3 Non-spatial and MLP-based Approaches

The first applications of neural networks to downscaling relied on machine learning methods that
treated each grid point or station independently. These approaches typically modeled coarse-to-
fine relationships using simple feedforward neural networks (multi-layer perceptrons, MLPs) or other
regression-style learners without explicitly encoding spatial structure.

Early applications of MLPs in climate and environmental sciences date back to the 1990s and 2000s,
where they were employed for seasonal forecasting [NC94], rainfall prediction [HGSG97], or statistical
downscaling of GCM outputs to local variables such as temperature and wind [SHLR00, SGK00].
Subsequent studies extended these ideas to various environmental prediction problems, including air
quality modeling [GD98] and hydrological forecasting [CAB00], illustrating the general appeal of MLPs
as flexible, data-driven regressors capable of capturing non-linear predictor–predictand relationships
more effectively than traditional linear regression models.

However, the lack of explicit spatial modeling imposed clear limitations. By treating each location
independently, MLPs and related methods were unable to enforce spatial consistency, capture coherent
structures such as fronts or storm systems, or extrapolate fine-scale variability beyond what was
present in the training data. As a result, while they often provide skillful statistical mappings and are
still widely used in operational bias correction pipelines, their overall performance was progressively
considered insufficient.

This limitation motivated the transition toward spatially-aware neural networks such as CNNs and
U-Nets, which could learn hierarchical patterns across space rather than fitting independent pointwise
regressions. Nevertheless, non-spatial approaches remain historically important, and they continue to
serve as lightweight baselines for downscaling tasks where spatial consistency is less critical or spatial
training data is limited.
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2.3.4 CNN-based Approaches

Convolutional Neural Networks (CNNs) provided the first major breakthrough in neural super-resolution
and climate downscaling. Their capacity to learn hierarchical spatial features made them a natural
successor to interpolation and regression-based approaches. Early milestones in computer vision in-
cluded the Super-Resolution Convolutional Neural Network (SRCNN) [DLHT14], which demonstrated
that even a shallow CNN could surpass bicubic interpolation in restoring fine-scale image structures,
and the Very Deep Super-Resolution network (VDSR) [KLL16], which used a deeper architecture and
residual learning to substantially improve reconstruction accuracy. The Efficient Sub-Pixel Convo-
lutional Network (ESPCN) [SCH+16] further showed that real-time super-resolution was feasible by
replacing traditional upsampling with learnable sub-pixel convolutions.

Building on these foundations, residual architectures became central. Enhanced Deep Super-
Resolution (EDSR) [LSK+17] and Cascading Residual Networks (CARN) [AKS18] adapted ResNet-
style skip connections [HZRS16a] to stabilize training and enable deeper, more accurate networks. Ar-
chitectural innovations such as dense connections [TLLG17, HSU18], multi-branch pathways [REKL17,
HGL+18], and attention mechanisms [ZLL+18, CK17] diversified the CNN landscape, pushing perfor-
mance further while targeting efficiency, interpretability, or robustness.

CNNs were quickly adopted in climate applications. DeepSD [VKG+17] represented a turning
point, showing that CNN-based downscaling of precipitation produced more accurate results than
traditional statistical methods. Subsequent works extended CNNs to temperature, wind, and solar
radiation fields, often training on coarsened reanalysis or regional climate model outputs [BMMG20,
TSW+22, KVLG+21, PMPN22]. These studies established CNNs as the de facto baseline for neural
downscaling, combining efficiency with robust deterministic mappings between coarse and fine scales.

Despite their success, CNN-based models remain limited in their ability to capture extremes, gen-
erate probabilistic outputs, or enforce physical consistency. Their deterministic nature often leads to
over-smoothed reconstructions and underestimation of variability [RT21], particularly variables with
high frequency components, such as precipitation or wind speed. These limitations motivated the
transition to generative architectures, such as GANs and diffusion models, which aim to introduce
stochasticity, enhance perceptual quality.

2.3.5 GAN-based Approaches

A notable approach in super-resolution field came with the introduction of Generative Adversarial
Networks (GANs) [GPAM+14], which shifted the focus from minimizing pixel-wise reconstruction
errors to enhancing perceptual realism. GANs consist of two competing networks: a generator that
produces high-resolution images from low-resolution inputs, and a discriminator that attempts to
distinguish between generated and true high-resolution samples. Through this adversarial training
framework, generators are encouraged to produce outputs that are not only accurate in terms of pixel
fidelity but also visually convincing.

The seminal application of GANs to super-resolution was SRGAN [LTH+17], which combined a
perceptual loss based on high-level VGG features with adversarial training. This enabled the gener-
ation of images with sharper textures and more realistic details than those produced by CNN-based
models optimized solely with mean squared error. ESRGAN (Enhanced SRGAN) [WYW+18] fur-
ther improved the architecture by introducing a Residual-in-Residual Dense Block (RRDB) and a
relativistic discriminator, leading to state-of-the-art performance on perceptual quality benchmarks.

Following these milestones, GAN-based approaches diversified into various directions. Some works
emphasized lightweight architectures for real-time inference, such as Swift-SRGAN [KK21] while others
integrated attention mechanisms [ZLDQ19] or multi-scale discriminators to improve robustness across
different resolutions [WYW+18]. Beyond computer vision, GANs have also been applied to climate
and weather downscaling. As an example, [CR20] introduced a GAN-based framework for statisti-
cal downscaling of precipitation, showing improved skill in capturing spatial variability compared to
conventional approaches.

Despite their successes, GAN-based super-resolution models face several challenges. Training is no-
toriously unstable, requiring careful balancing between generator and discriminator to prevent mode
collapse or divergence [GPAM+14, SGZ+16]. Moreover, improvements in perceptual quality often
come at the expense of pixel-level accuracy, leading to higher RMSE or MSE compared to CNN-based
models [BM18]. This well-known perception–distortion trade-off poses particular difficulties in sci-
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entific applications, where accurate numerical reproduction of physical quantities is more important
than visual realism. Consequently, while GANs have been successfully applied to a variety of down-
scaling applications, their adoption in climate and weather modeling has remained limited relative to
deterministic CNNs and transformers and, more recently, diffusion-based approaches.

2.3.6 Transformer-based Approaches

While CNNs dominated super-resolution research throughout the 2010s, the field has recently witnessed
a paradigm shift towards architectures based on self-attention. Transformers, first introduced in natural
language processing [VSP+17a], rely on multi-head self-attention mechanisms that enable each token
in a sequence to directly attend to all others. This design allows the model to capture long-range
dependencies more effectively than convolutional filters, which are inherently local. The adaptation
of transformers to the visual domain began with the Vision Transformer (ViT) [DBK+20], which
demonstrated that images could be processed as sequences of patches. Subsequent refinements, such
as the Swin Transformer [LLC+21], introduced hierarchical representations and shifted windows to
improve efficiency for high-resolution images, paving the way for applications in super-resolution.

In the super-resolution literature, transformer-based models have rapidly established themselves as
state-of-the-art. The Image Processing Transformer (IPT) [CWG+21] was one of the first attempts to
adapt transformers to low-level vision tasks, including SR. SwinIR [LCS+21] further demonstrated the
effectiveness of hierarchical self-attention, achieving superior results across multiple SR benchmarks.
More recently, Swin2SR [CCBT22] refined this approach, improving stability and performance through
architectural and training enhancements. Other variants, such as Uformer [WCB+22] and ITTR
[ZLZ+22], explore fully transformer-based encoder–decoder pipelines for image restoration and SR
tasks.

Transformers are particularly well-suited for super-resolution because of their ability to model
non-local correlations and complex global structures, which are often missed by CNNs. In addition,
they naturally scale with data and computational resources, making them attractive in the era of
increasingly larger scopes. Within the climate domain, transformer architectures are beginning to be
explored for downscaling tasks, as illustrated in [NJB+23], where a ViT-based model is benchmarked
against CNN counterparts for spatial refinement of reanalysis and observational datasets. Other studies
have also reported encouraging results with ViT-based approaches across precipitation [CFL+22], wind
components [ZDC+24], and regional downscaling tasks [LZVO25], often outperforming CNN-based
baselines.

Overall, transformer-based approaches represent a major step forward in neural downscaling. By
capturing long-range dependencies and leveraging scalable architectures, they now stand at the frontier
of super-resolution research in both computer vision and climate applications.

2.3.7 Diffusion-based Approaches

A more recent development in generative modeling for super-resolution is the use of diffusion mod-
els. Originally introduced in the context of probabilistic generative modeling [SDWMG15, HJA20a,
SME20a], diffusion approaches simulate a gradual corruption process in which noise is incrementally
added to a sample until it becomes indistinguishable from pure noise. A neural network is then trained
to reverse this process step by step, effectively learning how to denoise and reconstruct the data dis-
tribution. Compared to GANs, diffusion models provide more stable training dynamics and produce
higher-fidelity samples without the risk of mode collapse.

The application of diffusion models to super-resolution tasks was pioneered by SR3 [SHC+22],
which demonstrated their ability to synthesize highly realistic high-resolution images. Subsequent
works such as SRDiff [LYC+22] extended these ideas to more efficient and robust designs, narrowing
the gap between perceptual quality and reconstruction accuracy. Diffusion approaches have quickly
established themselves as state-of-the-art in image generation and enhancement, benefiting from their
strong probabilistic foundation and scalability with large datasets.

In the climate and weather domain, diffusion-based downscaling is a rapidly emerging area of
research. Conditional diffusion models have been proposed for a range of tasks, including weather
forecasting [AHP+24, MBC+23], downscaling of wind speed [AMP+23, MAC24a, MEL25], and regional
climate data generation [WM24]. These studies highlight two key advantages of diffusion models in
climate applications: their ability to generate physically consistent fields with sharp spatial detail,
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and their robustness compared to GAN-based approaches, which often suffer from instability and
loss of fidelity. More broadly, diffusion models are now regarded as state-of-the-art for capturing
uncertainty, generating ensembles, and improving calibration in meteorological applications [MBC+24,
LGWZN+24b, LLL+24, LCLG+24, WBB+23, LHN+23].

Overall, diffusion models represent the latest frontier in neural downscaling. Their generative
capacity, stability, and flexibility make them particularly well-suited to producing realistic and accurate
fine-scale climate information, positioning them as a promising successor to GAN-based approaches.
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3 Methodological Foundations
This chapter establishes the methodological framework common to all studies presented in this thesis.
It formalizes the downscaling problem and clarifies its connection to the super-resolution task as de-
veloped in computer vision. Building on this analogy, it defines the mathematical formulation of the
problem and explores the key design dimensions that shape model performance, including architec-
tural structure, pre-processing strategies, temporal and spatial context, stochasticity, and multi-task
approaches.

The chapter then focuses on neural architectures, presenting their fundamental principles, math-
ematical foundations, and common design practices. It begins with fully connected networks, which
provide the conceptual basis of deep learning and introduced backpropagation as the key training mech-
anism. Convolutional neural networks (CNNs) extend this foundation by introducing spatial locality
and weight sharing, representing the most successful model structure for image-based tasks. Their
encoder–decoder variants, particularly U-Nets and residual designs, form the backbone of modern
downscaling architectures and are extensively used in this thesis.

Transformer architectures are then discussed, replacing convolution with self-attention mechanisms
and gaining traction as a new paradigm for visual representation learning. The chapter then moves to
non-deterministic methods, namely Generative Adversarial Networks (GANs) and Diffusion Models.
GANs frame downscaling as a competition between a generator and a discriminator, enabling sharp
and realistic reconstructions through adversarial learning, though they often suffer from training in-
stabilities and high sensitivity to problem-specific configurations. Diffusion models, representing the
current state of the art in non-deterministic generation, learn to reverse a gradual noising process,
iteratively transforming pure noise into structured outputs. Their stability, probabilistic nature, and
ability to represent uncertainty make them a highly effective method, and they constitute the main
architectural framework employed in this thesis.

For all the presented architectures, the chapter discusses the underlying mathematical formulation,
design space, and common implementation techniques. The discussion then extends beyond architec-
tural design to cover key methodological aspects of deep learning, including loss functions, training
procedures, and evaluation strategies. Finally, it reviews the software frameworks commonly used for
implementing deep learning models, outlining their main characteristics and differences.

3.1 Problem Definition
The concept of super-resolution originates outside of climate science, with roots in computer vision
and signal processing. The central goal was to recover fine-scale details from undersampled or blurred
observations, whether in industrial quality control, medical imaging, satellite remote sensing, or digital
photography. Early methods were largely statistical or interpolation-based, seeking to enhance resolu-
tion through carefully designed reconstruction schemes [TH84, PPK03]. These approaches highlighted
a general scientific ambition: to generate more detailed representations of a phenomenon from limited
information.

With the rise of deep learning, super-resolution underwent a transformation.With the advent of
Convolutional Neural Networks (CNNs) [KSH12], followed by Vision Transformers (ViT) [DBK+20]
and diffusion architectures [HJA20b] deep learning methods demonstrated the ability to synthesize
highly realistic details, far surpassing earlier methods. In computer vision, these techniques became
standard tools for tasks such as face reconstruction, text and image deblurring, and restoration of
natural images. Super-resolution emerged as one of the hallmark successes of deep learning in vision.

It is in this context that climate science began to recognize the close analogy between super-
resolution and meteorological downscaling. Technically, the two problems are identical: both involve
an image-to-image transformation where the input is a low-resolution field and the output is its high-
resolution counterpart. The only difference lies in the semantics of the “image”: in climate science, the
pixels correspond to physical quantities such as temperature, wind, or precipitation on a geospatial
grid.

This methodological alignment facilitated a natural transfer of techniques. Architectures first
developed for natural image super-resolution were adopted for climate downscaling, where they quickly
proved effective. CNN-based models improved upon simple interpolation by learning localized spatial
features, and diffusion models showed unprecedented capacity to capture variability. Importantly,
unlike in computer vision where success is often measured by perceptual quality, in meteorology these
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models are evaluated against physical consistency. Neural downscaling models have demonstrated
the ability to approximate aspects of the underlying atmospheric dynamics, producing fields that are
not only sharper and more realistic but also consistent with large-scale circulation and conservation
principles. Across many studies, such approaches consistently outperformed traditional statistical
methods and operate at a much higher efficiency compared to dynamical downscaling models.

3.1.1 Mathematical Formulation

Super-resolution is a process in digital image manipulation that enhances image resolution. This
problem can be defined as an ill posed inverse problem, where the task is to invert an unknown
degradation function applied to a high resolution image. Given a low resolution image denoted by y
and the corresponding high resolution denoted by x, we define the degradation process as:

y = Θ(x, ρn) (1)

where Θ is the degradation function, and ρn denotes the degradation parameters (such as the
scaling factor, noise, etc.). In a real-world scenario, only y is available while no information about
the degradation process or the degradation parameters ρ exists. Super-resolution seeks to nullify the
degradation effect and recovers an approximation x̂ of the ground-truth image x as:

x̂ = Θ−1(y, ρr) (2)

where ρr are the parameters for the function Θ−1. The degradation process is unknown and can be
quite complex. It can be affected by several factors, such as noise, compression, blur and other artefacts.
Therefore, most research works [AKB20, LGDG23, BWKN22] prefer the following degradation model
over that of Equation 1:

y = (x⊗ k) ↓s +n (3)
where k is the blurring kernel and (x⊗ k) is the convolution operation between the HR image and

the blur kernel, ↓s is a downsampling operation with a scaling factor s.
Let us consider now the task of statistical downscaling in weather sciences. Statistical downscaling

is a technique employed to convert broad-scale meteorological data, typically obtained from global
climate models or reanalysis products, into finer, local-scale weather information. This approach relies
on establishing statistical relationships between large-scale atmospheric variables (like temperature,
pressure, and wind) and local-scale weather phenomena. This process is usually implemented via a
sophisticated physical models, such as the regional reanalyses presented in Section 2.1.2 or the climate
projections described in Section 2.1.4. These models have as input the low resolution ground truth
plus the additional information necessary to compute the downscaling result. Thus, if we represent,
coherently with the Super-resolution problem, the high resolution image as x, the low resolution images
as y, the statistical downscaling model as HA and the additional information as ρHA, we can define
the downscaling process as:

x = HA(y, ρHA) (4)
We observe that this equation is closely related to Equation 2, which establishes a relationship be-
tween high-resolution and low-resolution images. This similarity effectively equates the task of super-
resolution in image processing to the problem of statistical downscaling in meteorological studies.

The primary distinction between the two problems lies in the inverse nature of their low-resolution/high-
resolution relationship. Contrary to the super-resolution process described in Equation 3, where the
low-resolution image is derived from an unknown high-resolution counterpart, in statistical downscal-
ing, the situation is reversed. Here, the high-resolution image is an enhanced version of the low-
resolution image.

We can thus define the new super-resolution task as the problem of approximating the behaviour
of the HA model. Considering that our goal is to proceed in a data driven manner and to avoid the
utilization of additional information for the downscaling process, we define our approximate model
without the use of ρHA.

x̂ = Φ(y) , x̂ ≈ x (5)
Where Φ is our super-resolution model and x̂ is the approximation of the ground truth x generated by
the statistical downscaling model.
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3.2 Architectural Design Space
In this section, we examine the design space of the super-resolution problem by focusing on its funda-
mental structure rather than on specific neural architectures. In other words, we treat the architecture
as a “black box” that takes inputs and produces outputs, and concentrate instead on how the problem
itself is framed. Even at this level of abstraction, the range of possible formulations is broad, en-
compassing choices in resolution upsampling, border and padding treatments, temporal dependence,
domain geometry, and the inclusion of auxiliary information. These early design decisions strongly
influence both the attainable performance and the eventual architecture of the downscaling model.
Figure 7 illustrates the simplest setup: a low-resolution field (LR) is fed to a neural model, which
returns a super-resolved high-resolution field (HR).

HRNeural 
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Figure 7: Super-resolution problem setup. A low-resolution field (LR, left) is fed into a neural model
(center), which outputs a super-resolved field (HR, right).

3.2.1 Low-Resolution upsampling

Most neural networks for image-to-image tasks operate on inputs and outputs of the same size. This
reflects the structure of encoder–decoder architectures, where the two parts largely mirror one another.
In super-resolution, however, the low-resolution (LR) input and the high-resolution (HR) target differ
in size. To bridge this gap, the LR field must be upsampled so that the model can operate on
comparable spatial dimensions. This can be achieved in different ways:

• Preemptive upsampling. In this strategy, the LR data are upsampled as a preprocessing step
(see Figure 8) . Suppose we aim to map 64×64 inputs to 256×256 targets (a ×4 scaling). Before
training, we interpolate the LR data using bilinear, bicubic, or nearest-neighbor interpolation,
so that the model sees a symmetric 256 × 256 → 256 × 256 mapping. This approach is simple
and computationally efficient, and it makes the task compatible with standard encoder–decoder
pipelines. It also provides access to the pre-upsampled fields, which can be useful for computing
statistics, establishing baselines, or applying further preprocessing.

• Model-internal upsampling. A second option is to let the network handle the resolution
mismatch directly, so that the mapping is inherently asymmetric (e.g., 64 × 64 → 256 × 256).
Some architectures (such as ESPCN) are explicitly designed this way, but most encoder–decoders
still require an upsampling stage at the beginning. Two main variants exist:

– Uninformed upsampling: fixed operations such as bilinear or nearest-neighbor layers embed-
ded directly in the network. This is equivalent to the preprocessing approach, but integrated
inside the architecture for convenience or efficiency.

– Informed upsampling: trainable operations such as transposed convolutions or sub-pixel
convolutions. These not only expand the spatial dimensions but also allow the model to
optimize how fine-scale structure is reconstructed. Their behavior depends strongly on
kernel size, stride, and padding, which control the specifics of the upsampling operation.
This flexibility may improve performance but comes at the cost of additional parameters
and potential artifacts.
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Figure 8: Super-resolution setup with external upsampling. The low-resolution input (LR) is first
upsampled by interpolation (e.g., bilinear, bicubic, or nearest-neighbor), so that the neural model
operates on images of the same size as the target high-resolution field (HR). This strategy is simple
and efficient, and is widely used to make super-resolution compatible with standard encoder–decoder
architectures.

3.2.2 Borders, padding and resolution

Border areas play a crucial role in super-resolution tasks. Convolutions are particularly sensitive
to boundary conditions, and the choice of padding and stride can easily produce artifacts near the
edges. Borders also matter when preparing data for encoder–decoder networks, such as U-Nets, which
repeatedly halve and double spatial dimensions. Since these models typically apply downsampling
4–5 times, the input size must be divisible by 24 or 25. This constraint is rarely satisfied by climate
datasets, and various strategies are required to adjust domain sizes.

If the domain is square, the simplest option is often to resize the field to the nearest convenient
dimension (e.g., resizing 253× 253 to 256× 256) and then invert this operation after super-resolution.
This avoids information loss but may introduce slight artifacts, depending on how far the original
resolution was from the target. The situation becomes more complex for rectangular domains, where
naive resizing introduces distortions. In such cases, two families of strategies can be applied:

• Preemptive Adjustments

– Cutting the image: If arbitrary subdomains are acceptable, the simplest solution is to crop
the image to the nearest valid size. This is common in experimental settings.

– Adding mirrored or constant lines: When cropping is not possible, missing rows/columns
can be padded by mirroring or copying adjacent values. For large images, a handful of extra
rows has negligible impact, and they can be removed after the operation.

• Model-internal Adjustments

– Valid padding: Convolution output size is given by

Output size =
⌊

Win −K + 2P

S

⌋
+ 1,

where Win is the input size, K the kernel size, P the padding, and S the stride. For example,
with Win = 260, stride S = 1, and no padding (P = 0):

K = 3 ⇒ Output size = 258,

K = 5 ⇒ Output size = 256,

K = 7 ⇒ Output size = 254.

Thus, by selecting K = 5 we can map 260 × 260 inputs to 256 × 256 outputs without
information loss, making them compatible with the remainder of the model.

– Other custom designs: If one is committed to handling arbitrary input sizes, custom en-
coder–decoders can be built. Skip connections often cause asymmetry when downsampling
is imperfect, requiring explicit adjustments, and the final output layer must also be modified
to match the target size. Many other ad hoc solutions exist, depending on the dataset.

Ultimately, although these adjustments may seem technical, they often determine whether a model
is trainable and whether artifacts appear at the borders of the reconstructed fields.
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3.2.3 Temporal independence and sequence modeling

Neural downscaling models are not restricted to the simple one-to-one mapping from a low-resolution
(LR) field to a high-resolution (HR) field. Since meteorological datasets are inherently temporal
sequences, additional time steps can be provided as input, offering the model more context. This
is straightforward in forecasting, where past observations inform the trajectory of the field and help
predict future states. In downscaling, the benefit is less obvious, but temporal information can still
provide useful awareness of the system’s evolution, often leading to effective but problem-specific
improvements in reconstruction quality.

HRNeural 
ModelLR

LR

LR

time = k

time = k +1

time = k - 1

time = 0

Figure 9: Sequence-to-one super-resolution setup. Multiple low-resolution fields (LR) at consecutive
timesteps (t = k − 1, k, k + 1) are provided as input to a neural model, which outputs a single high-
resolution field (HR) at the target timestep (t = k). This setup exploits temporal context to improve
the reconstruction of the target field.

Several problem setups are possible:

• 1 to 1. The baseline case: one LR input mapped to one HR output. This formulation is simple,
intuitive, and often the first to be tested.

• Sequence to 1. Temporal context is included in the input, but the model still predicts a single
HR field. A common strategy is to center a temporal window around the target timestamp.
For instance, to predict HR at t = 5, the input could include LR fields at t = 4, 5, 6, providing
information on how the field is evolving around the target. If future data are unavailable (e.g.,
in real-time applications), only past and present frames can be used. An example of this setup
is reported in Figure 9.

• Sequence to sequence. The model takes multiple LR frames as input and produces multiple
HR frames as output. This approach extends the sequence-to-one strategy and is especially useful
when multiple target times are needed, improving efficiency by grouping predictions. Conceptu-
ally, it is related to multi-task learning, as will be discussed in the following sections.

In practice, the choice between temporal independence and sequence modeling depends on the
application. Incorporating temporal information often yields incremental improvements rather than
dramatic gains, but in some cases it can enhance physical consistency.

3.2.4 Spatial modeling

Designing super-resolution models for global domains or very high spatial resolutions can raise signif-
icant computational challenges. In practice, it may be infeasible to scale a model so that it maintains
the same quality on a full domain as it does on a smaller region. One option is to seek more resources
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(e.g., more powerful GPUs or distributed training on multiple nodes), but another is to decompose the
domain into smaller subdomains and then stitch the results together. Depending on how subdomains
are handled, three broad strategies can be distinguished:

• One model per subdomain + stitching. The domain is split into subdomains, and the same
model design is trained separately on each. Transfer learning can also be used across subdomains.
This approach allows larger models to be trained within limited resources and can work even with
modest hardware. However, it introduces many problems: edge discontinuities, inconsistencies
between subdomains, uneven performance, and difficulties in aligning the training process across
all areas. Even with mitigation strategies such as overlapping patches, our experimental results
suggest that this approach is rarely viable due to the cumulative issues.

• Single model trained on all subdomains + stitching. Instead of training separate models,
a single model is trained on all subdomains concurrently. The model sees reduced spatial patches,
taken (with or without conditioning) from the entire domain, and predictions are stitched together
as above. Surprisingly, this setup can perform well, with the model adapting across heterogeneous
patches. Still, border inconsistencies and dissimilarities at subdomain edges remain an issue.

• Using a size-agnostic model. In this approach, a fully convolutional architecture can be
trained on reduced spatial domains and then applied to the full domain at inference. Such
models are naturally agnostic to input size, since convolutions operate locally and can extend
to larger grids without modification. However, they are not agnostic to scale: atmospheric
phenomena differ across spatial scales, and training on small patches may limit the model’s
ability to generalize to the larger-scale structures present in full-domain data.

• Full single-domain modeling. The simplest option is to scale the model to the full domain.
While computationally heavier, this avoids stitching artifacts entirely. Code optimization and
architectural improvements such as depthwise separable convolutions, as discussed in later sec-
tions, can make this feasible in practice. We consider this the most robust and practical option,
as it avoids a large number of downstream issues.

In conclusion, splitting domains can appear attractive but typically hides more problems than it
solves. A single full-domain model is generally preferable, and this is the approach adopted throughout
this thesis.

3.2.5 Deterministic and generative outputs

Another relevant design choice is whether to model downscaling in a deterministic or probabilistic
manner. Most models such as U-Nets and ViTs are intrinsically deterministic: given the same LR
input they always produce the same HR output. These networks are efficient and practical, but they
provide no information about uncertainty in the prediction. This can be a limitation when quantifying
the likelihood of extreme events or assessing the reliability of a super-resolved field. Probabilistic
approaches address this gap by explicitly modeling distributions of possible outcomes, often through
the use of input noise in combination with LR information, as illustrated in Figure 10.

• Deterministic models. The simplest and most common approach is to use a deterministic
network. These can be thought of as producing the ”mean” prediction of the distribution,
and they usually perform well for practical applications. However, because they are trained with
point-wise losses such as MSE or MAE, they tend to smooth sharp gradients and under-represent
extremes, a well-known limitation of this class of models. Most super-resolution architectures in
the literature fall into this category.

• Ensemble-style variability. A quasi-probabilistic alternative is to generate multiple outputs
from a deterministic model by perturbing the LR input (e.g., adding noise) or by varying the
model itself (e.g., different hyperparameters, random seeds, or ensembles of weights/architec-
tures). While this does not make the model intrinsically probabilistic, it provides a practical way
to explore variability and uncertainty.
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Figure 10: Non-deterministic super-resolution setup. A low-resolution field (LR) is combined with
stochastic noise and processed by the neural model. Instead of a single deterministic output, the
model generates multiple high-resolution samples (HR), which can be interpreted as draws from an
underlying probability distribution (illustrated here by a Gaussian). This probabilistic formulation
enables quantification of uncertainty and exploration of extremes beyond the mean prediction.

• Intrinsically probabilistic models. True probabilistic models, such as non-deterministic
GANs and diffusion models, generate distributions of outcomes rather than a single deterministic
result. The resulting ensemble can be used to study variance, quantify uncertainty, and examine
the tails of the distribution (e.g., extreme events). These models are more complex to design and
train, but they tend to produce sharper and more realistic fine-scale structures than deterministic
U-Nets or ViTs, which suffer from smoothing.

In conclusion, deterministic models are efficient and effective for most applications, but when the
task requires explicit information about uncertainty, probabilistic approaches are necessary.

3.2.6 Single Task, Multi-Task and Additional Elements

As discussed in Section 3.2.3, enriching the super-resolution model with additional information is a
natural way to improve performance. Beyond temporal sequencing, other kinds of information can
be introduced. Some of the most practical choices include static predictors such as topography or
land–sea masks, dynamic variables at the same time step, or even metadata describing broader system
conditions. These approaches are often designed in collaboration with climate scientists to ensure that
the added fields provide positive information transfer. A related extension is multi-tasking, where
the downscaling problem involves multiple variables at once. Altogether, this design space can be
organized into several categories:

• One variable at a time. The baseline approach processes each variable separately. This avoids
the risk of negative transfer between variables, but does not exploit potentially useful auxiliary
information.

• Adding auxiliary predictors (static fields, metadata). A common extension is to include
additional static fields such as orography, land–sea masks, or basin maps. These often have
a strong influence on fine-scale variability: Topography (mountains, hills, lakes) becomes in-
creasingly important as resolution increases, since fine-scale atmospheric variability is strongly
shaped by local terrain. Including such information explicitly can therefore improve results be-
yond what the model can infer from the LR field alone. Metadata can also be incorporated.
Time information (month, year) can help capture seasonal cycles or long-term changes, while
climate scenario labels (e.g., CMIP trajectories) can condition the model on different forcings.
Other domain-specific metadata may also be useful, such as astronomical cycles for tides.

• Grouping dynamic variables. Instead of static predictors, the model can be given multiple
LR variables at the same time step. This provides richer physical context and can transfer useful
information across fields. Two setups are possible:
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Figure 11: Multi-task super-resolution setup with three fields. At a given timestep, three low-resolution
inputs (Field 1, Field 2, Field 3) are provided to the neural model. The model jointly predicts the
corresponding high-resolution outputs for each field. This formulation allows the network to exploit
cross-variable relationships and share information across tasks, potentially improving accuracy and
efficiency compared to training separate models for each variable.

– Multi-LR to single-HR: In this setup, several LR predictors are provided together to gener-
ate a single HR target variable. The motivation is that different meteorological fields often
contain complementary information: for instance, wind and pressure fields can help inform
the downscaling of precipitation. By combining these predictors, the model can build a
richer internal representation of the atmospheric state, leading to more accurate reconstruc-
tions. The trade-off is that the model becomes larger and training more computationally
demanding, as the input dimensionality increases compared to the simple LR-to-HR case.

– Fully multi-task: In this setup, several LR predictors are jointly used to produce multiple
HR outputs at the same time. The rationale is that by learning the downscaling of multiple
variables within a single model, the network can exploit cross-variable relationships more
effectively. For example, temperature, wind, and geopotential height fields are dynamically
linked, and training them together can promote positive information transfer that improves
overall skill. A multi-task setup can also be more efficient, since one shared model replaces
several variable-specific ones. However, the design is more complex: optimization can be
harder, loss functions must balance competing objectives across variables, and there is
always a risk of negative transfer, where learning on one field degrades performance on
another. An example of this approach is reported in Figure 11.

In conclusion, downscaling can be framed as a single-task or multi-task problem, with additional
predictors ranging from static fields to dynamic variables and metadata. Each option offers potential
benefits but also introduces trade-offs, and in practice the most effective choice is highly problem-
dependent. Approaches can also be combined in hybrid formulations, tailoring the model setup to the
specific application.

3.2.7 Other Aspects

Alongside the architectural design space elements introduced above, several additional considerations
are important when setting up a downscaling problem. Among them, we highlight:

• Cascading super-resolution steps. A super-resolution task can be decomposed into multiple
stages. For example, an overall 8× scaling can be achieved through three successive 2× models,
either by reusing the same model at each step or by training separate models specialized for each
scale. This approach is analogous to spatial splitting (Section 3.2.4), but here the “splitting” is
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applied in scale rather than in space. Cascading is mainly useful for computational efficiency or
for very large scaling factors, though it adds complexity to training pipelines.

• Physically motivated constraints (PINNs). A significant line of research in climate and
weather modeling is to enforce physical consistency in neural models, in addition to data-driven
learning. For downscaling, examples include requiring conservation of integrated precipitation
between LR and HR, enforcing positivity of quantities such as wind speed through non-linear
activation functions (e.g., ReLU in the last layer). These constraints can be implemented as
hard constraints (directly imposed in the architecture) or as soft constraints (introduced via
additional loss terms). They are an active research direction to improve the physical realism of
neural downscaling.

• Data augmentation. Data augmentation is standard in computer vision, but less common in
climate downscaling. Simple transformations such as rotations or flips break geophysical con-
sistency: for instance, they disrupt topography, land–sea configuration, or the orientation of
planetary waves. Similarly, introducing out-of-distribution elements often harms performance,
since super-resolution models are highly sensitive to distribution shifts. Nevertheless, augmenta-
tion can be useful in data-scarce or particularly difficult tasks, provided it is applied with domain
awareness.

• Residual learning. Instead of predicting the HR field directly, the model can learn to predict
only the residual relative to a baseline. If HR is the ground-truth high-resolution field and
BASE is an interpolation or the output of an existing model, then the residual is

RES = HR−BASE.

Training on RES restricts the problem to the high-frequency information missing from the
baseline. This often simplifies learning and improves performance in difficult tasks. The downside
is that the model is then limited to correcting an existing baseline and may not capture broader
physical relationships.

• Handling of missing data. Many observational datasets contain missing values (e.g., radar
occlusions, satellite gaps, or land-only/sea-only availability). A common approach is to exclude
missing areas from the loss, allowing the model to freely generate values in those regions. If
missing areas vary across the dataset, the network can often fill them convincingly. If the same
areas are always missing, it may be more practical to let the model generate arbitrary values there
and crop them during postprocessing. More sophisticated strategies (e.g., masked convolutions,
inpainting) exist but are beyond the scope of this section.

3.3 Fully Connected Networks
The multi-layer perceptron (MLP) is the canonical form of a fully connected neural network. An MLP
is composed of a sequence of layers, each consisting of a set of neurons. Every neuron in a given layer
is connected to every neuron in the previous layer, hence the term fully connected. The output of each
neuron is a weighted sum of its inputs, passed through a nonlinear activation function such as the
sigmoid, hyperbolic tangent, or rectified linear unit (ReLU).

Formally, given an input vector a0 = x ∈ Rd, the computations in layer l are defined as

zl = wla l−1 + bl, al = σ(zl),

where wl is the weight matrix, bl is the bias vector, and σ(·) is a nonlinear activation function applied
elementwise. Stacking multiple such layers yields a deep MLP, capable of learning highly nonlinear
mappings between inputs and outputs. At the final layer L, the output of the network is

ŷ = aL,

which in downscaling corresponds to a high-resolution field or a set of meteorological variables.
Historically, MLPs were among the first neural architectures explored for climate and weather

applications. They demonstrated the potential of machine learning to capture nonlinear relationships
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that traditional linear regression or statistical methods could not. For example, early studies used
MLPs to predict rainfall, temperature anomalies, or seasonal indices, often achieving higher skill than
simple empirical models, as discussed in Section 2.2.1. These applications helped establish neural
networks as a viable alternative for statistical downscaling.

3.3.1 Backpropagation

The backpropagation algorithm is the backbone of neural network optimization. It provides an efficient
way to compute gradients of the cost function with respect to all network parameters, making it
possible to train deep architectures with a vast number of parameters. While originally derived for
multi-layer perceptrons (MLPs), the same fundamental structure underlies the training of all modern
neural architectures, including convolutional and transformer-based models.

We can view the backpropagation algorithm as a process composed of three flows. First, the forward
path through the network, where the weighted inputs and activations of each layer are computed and
stored, until the final output is reached and the error term can be initialized. Second, the backprop
phase, where the error is propagated backward layer by layer to compute the error δl at each stage.
Finally, the gradient step, where the derivatives of the cost function with respect to weights and biases
are calculated, providing the quantities needed to optimize the network parameters.

To better understand the backpropagation algorithm, it is useful to define some relevant quantities.
We define the weighted input zl = wlal−1+bl, which mirrors the standard definition of a neuron output
without the activation. The activation is al = σ(zl), and the error is δl. The error for neuron j in
layer l is defined as

δl
j = ∂C

∂zl
j

,

that is, the variation of the cost function with respect to the neuron’s weighted input. This quantity
measures how much changing zl

j would affect the overall cost, and is central to propagating information
backwards through the network. Using the chain rule,

dy

dx
= dy

du
· du

dx
,

we can obtain the derivatives of the cost function with respect to each weight and bias in the network,
which are then used to optimize the model. The set of equations that expresses these relationships is
sometimes referred to as the four backpropagation equations.

Specifically, in the forward block (see Equation (6)), we start from the input a0 = x and, for each
layer l = 1, . . . , L, compute the weighted input and activation, zl = wla l−1 + bl and al = σ(zl). The
pair {zl, al} is cached for later use in the backward pass, while al is fed to the next layer to produce
{zl+1, al+1}. This process is repeated until the output layer is reached, where aL is the network output
ŷ.

At the end of the chain we initialize the output-layer error term with δL = ∇aC ⊙ σ′(zL), i.e. the
gradient of the cost with respect to the output activations, scaled elementwise by the derivative of the
output activation; here ⊙ denotes the Hadamard (elementwise) product.

The backprop line in Equation (7) then expresses the right-to-left flow of error signals: starting from
δL, we obtain each preceding layer’s error δl by multiplying the next layer’s error by the transpose of
the next layer’s weight matrix and then applying the elementwise factor from the local nonlinearity.
At layer L− 1, for example, this recursion takes the form

δL−1 = (wL)⊤δL ⊙ σ′(zL−1).

Intuitively, this is just the chain rule: the transpose appears because sensitivities are pushed backward
through the linear map zl+1 = wl+1al + bl+1, and the σ′(·) term accounts for the activation at the
layer whose δ is being computed.

Finally, the gradient block in Equation (8) gives the parameter gradients used for learning: each
bias gradient equals the corresponding error, ∂C/∂bl

j = δl
j , and each weight gradient is the product of

the destination neuron’s error and the source activation (elementwise: ∂C/∂wl
jk = δl

j a l−1
k ). In words:

forward computes zl, al; backprop computes δl by chaining local Jacobians; and the last line turns δl

and al−1 into gradients for wl and bl.

49



forward : →
{

zl = wlal−1 + bl

al = σ(zl)

}
→
{

zl+1

al+1

}
→ · · · → δ(L) = ∇aC ⊙ σ′(z(L)) (6)

backprop : δl ← · · · δL−2 ← δL−1 = ((ωl+1)T ) ∗ δl+1 ⊙ σ′(zL)← (7)

finally : ∂C

∂ωl
jk

= δl
j ∗ al−1,

∂C

∂bl
j

= δl
j (8)

We can thus use the gradients to update the values of weights and biases of the network—an
operation which, when iterated over multiple inputs x, defines what we call the training loop, in which
a network learns from data.

3.3.2 MLPs for Downscaling

Multi-layer perceptrons (MLPs) were historically among the first neural architectures applied to sta-
tistical downscaling. They demonstrated the capacity to capture non-linear relationships and, in early
studies, achieved results that rivalled more traditional statistical approaches. Today, however, MLPs
are rarely used beyond simple baselines or initial exploratory experiments.

... ...

MLP

Figure 12: Illustration of an MLP-based downscaling workflow. A low-resolution field of size (3 × 4)
is flattened into a one-dimensional vector of length 12, which is then passed through a multi-layer
perceptron. The network produces an output vector of length 35, which is reshaped into the super-
resolved high-resolution field of size (5× 7).

In practice, applying MLPs to downscale a spatial field requires flattening a gridded input (e.g., a
32× 32 low-resolution field) into a one-dimensional vector. The network then learns a mapping from
this vector to another flattened vector representing the high-resolution target field. This process treats
the input as an unordered collection of values, ignoring the spatial arrangement of neighboring grid
points.

The main limitations of MLPs for spatial data can be summarized as follows:

1. No built-in notion of locality. An MLP treats all input dimensions as independent, with no
awareness of the underlying spatial grid. For example, it is not aware that pixel (5, 5) is adjacent
to pixel (5, 6), or that nearby grid points are often correlated. As a result, local spatial structure
must be inferred entirely from the data, requiring many more parameters and training samples
than architectures that explicitly encode locality.

2. Parameter inefficiency. Fully connected networks scale very poorly with input and output size.
Each input unit connects to every neuron in the first hidden layer, and this dense connectivity
rapidly explodes in parameter count. For example, downscaling a 64 × 64 field (4,096 inputs)
to a 256× 256 field (65,536 outputs) with just a single fully connected layer would require more
than 2.6 × 108 parameters. Adding multiple hidden layers only increases this burden. Such
large parameter counts make training computationally expensive, memory intensive, and prone
to overfitting, especially when compared to convolutional networks, which reuse the same filters
across space.
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3. Translation sensitivity. A spatial feature (e.g., a cyclone) shifted by one grid point corresponds
to a completely different representation in the flattened vector. The MLP has no inherent
mechanism to generalize across such shifts.

4. Lack of inductive bias. Convolutional architectures explicitly encode properties such as lo-
cality and translation equivariance. MLPs lack these priors, treating each input dimension inde-
pendently despite the strong spatial structure of geophysical fields.

Despite these drawbacks, there remain scenarios where MLPs may be appropriate. For example,
when downscaling a sparse set of locations that are not strongly constrained by spatial relationships,
more complex architectures (such as convolutional or transformer-based models) may not provide
additional benefit. In such cases, the simplicity of an MLP can make it a competitive and efficient
solution.

3.4 Convolutional Architectures
Convolutional neural networks (CNNs) are the cornerstone of modern neural architectures for spatial
data. Unlike fully connected layers, where each output depends on every input element, convolutions
restrict the interaction to local neighborhoods. This design introduces two key advantages: locality,
which ensures sensitivity to nearby interactions, and weight sharing, which applies the same filter across
the entire domain. Intuitively, convolution can be seen as connecting each neuron only to a restricted
region of the input field, enabling the network to specialize in detecting recurring spatial patterns such
as edges, textures, or meteorological fronts, rather than redundantly processing the entire field at once.

Since their introduction, CNNs have been a major success story in machine learning, underpinning
most of the progress in computer vision and the processing of structured spatial data. Their ability to
extract multiscale features with relatively few parameters has made them the default choice for image
analysis.

Building on these foundations, the most successful image-to-image architectures are based on en-
coder–decoder designs, of which the U-Net is the canonical example. U-Nets have become the standard
backbone for dense prediction tasks because they combine the ability to capture large-scale context
with the preservation of local detail. As such, they will play a central role in the approaches pre-
sented in this thesis, both as baseline models and as key components within more advanced generative
architectures.

3.4.1 Foundations of Convolution

In the two-dimensional case, the convolution operation consists of sliding a kernel (i.e. a matrix of
learnable parameters) over the input and computing local weighted sums. Each position of the kernel
produces one element of the output, and by repeating this process across all positions, the convolution
generates an entire output field. Formally, if X ∈ RH×W is the input and K ∈ Rkh×kw is the kernel,
the output at location (i, j) is given by

(X ∗K)i,j =
kh∑

m=1

kw∑
n=1

Xi+m, j+n Km,n.

This expression describes the local weighted sum at a single location; the convolutional layer extends
it to all (i, j) by shifting the kernel across the field.

To fully specify a convolutional layer, several quantities must be introduced. The kernel size
(kh, kw) defines the spatial extent of the neighborhood that contributes to each output value, effectively
controlling how much of the input the filter ”sees” at once. The stride (sh, sw) determines how far
the kernel moves across the input at each step; larger strides mean fewer evaluations and therefore a
coarser output. In order to control the alignment between input and output sizes, one often introduces
padding, which extends the input with artificial borders before applying the convolution. Padding
can be also exploited to adjust the spatial dimensions of the input and output fields, as described in
Section 3.2.2. A related parameter is dilation, which inserts gaps between kernel elements and thereby
increases the receptive field without increasing the number of parameters.
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Together, these quantities govern the relationship between the input and the output of a convolu-
tional layer. For an input of height H and width W , convolved with a kernel of size (kh, kw), stride
(sh, sw), and padding (ph, pw), the output dimensions are given by

Hout =
⌊

H − kh + 2ph

sh

⌋
+ 1, Wout =

⌊
W − kw + 2pw

sw

⌋
+ 1.

This expression makes explicit how design choices such as increasing the stride or changing the padding
directly affect the resolution of the output field.

When extending the operation to multiple channels, each convolutional layer maps Cin input chan-
nels to Cout output channels, each associated with its own kernel. The number of learnable parameters
is therefore

num params = Cout ·
(
Cin · kh · kw + 1

)
(9)

where the additional term accounts for a bias parameter per output channel. From Equation (9)
it is evident that processing large fields via convolution uses a vastly inferior number of parameters
compared to fully convoluted networks.

Convolutions are translation equivariant: a shift in the input results in a corresponding shift in the
output. This inductive bias makes convolutions particularly well-suited for images and geophysical
fields, where the same structures may appear in different locations.

Training convolutional layers follows the same backpropagation principle described in Section 3.3.1.
The main difference lies in the weight sharing mechanism: a single kernel is applied across many spatial
locations, and during backpropagation its gradient is accumulated from all of these applications. In
practice, this means that each kernel weight receives contributions from multiple parts of the input
field. This adaptation of backpropagation not only reduces the number of parameters to be learned
compared to fully connected layers, but also improves statistical efficiency by encouraging the learned
filters to generalize across the entire domain.

3.4.2 Convolutional design elements

Convolutions provide the most effective way to design neural networks that operate directly on spatial
fields. Unlike fully connected layers, which treat the input as a single unstructured vector, convolutional
layers preserve the spatial organization of the data while remaining computationally efficient. This
makes them particularly well suited for field-to-field mappings, such as climate downscaling or image-
to-image translation, where the task is to transform one grid into another while retaining spatial
coherence.

The design of convolutional networks involves several important choices. One is the size of the
receptive field, which determines how much context each output unit has access to. Deeper networks
naturally enlarge the receptive field, enabling the model to combine local and global information.
Formally, the receptive field of a stack of convolutional layers can be computed recursively. If rℓ

denotes the receptive field at layer ℓ, kℓ the kernel size, and sℓ the stride, then

rℓ = rℓ−1 + (kℓ − 1) ·
ℓ−1∏
j=1

sj ,

with r0 = 1. This expression shows how the receptive field grows with network depth, kernel size, and
stride: larger kernels increase it additively, while strides propagate the effect multiplicatively across
layers.

In the context of meteorological downscaling, the receptive field plays a major role in determining
how the value at one location depends on values at others. If such interdependence is expected
to be significant, the network should be designed with a sufficiently large receptive field to capture
it. Conversely, if the aim is to restrict long-range interactions and ensure that dependencies remain
physically consistent with the speed of atmospheric propagation, the network can be constructed with
a more limited receptive field.

Another important design dimension is the trade-off between depth and width. The depth of a
convolutional network refers to the number of convolutional layers stacked in sequence. Increasing
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depth enlarges the effective receptive field and allows the network to capture hierarchical representa-
tions, where early layers detect simple local features and deeper layers combine them into increasingly
abstract patterns. By contrast, the width of a network refers to the number of kernels (or feature
maps) within each layer. A wider architecture processes more parallel features at the same level of
abstraction, enabling richer representations of the input field. In practice, depth tends to enhance
the model’s capacity to integrate information across scales, while width provides diversity of learned
patterns at each scale.

For example, in downscaling tasks, depth may allow the model to connect large-scale circulation
patterns with local variability, while width, on the other hand, enables the representation of multiple
fine-scale structures simultaneously. Balancing these two dimensions is therefore a central design
choice: networks that are too deep may suffer from vanishing gradients or excessive computational
cost, whereas networks that are too wide may become prone to overfitting.

Convolutions can also be used to manipulate the resolution of the fields. By adjusting the stride or
padding, the spatial dimensions of the output can be reduced, a process often referred to as downsam-
pling. Conversely, when the goal is to increase spatial resolution, one may use transposed convolutions
(sometimes called deconvolutions). The idea is to reverse the shrinking effect of a standard convolution:
instead of skipping positions when the stride is larger than one, the input is conceptually expanded
by inserting zeros between its elements, and a normal convolution is then applied to this expanded
representation. In this way, the feature map is enlarged while the network still learns local filters to
fill in the additional detail.

Formally, the output size of a transposed convolution with input size Hin, kernel size k, stride s,
and padding p is given by

Hout = (Hin − 1) · s− 2p + k,

with an analogous expression for the width. This formula highlights that strides, which reduce resolu-
tion in standard convolutions, instead stretch the feature map in the transposed case.

Convolutional blocks, analogously to fully connected blocks, are usually combined with nonlin-
ear activation functions, such as ReLU or GELU, which allow the network to approximate complex
mappings. Additionally, Normalization layers, including Batch Normalization, Layer Normalization,
or Group Normalization, are often inserted after convolutions to stabilize training dynamics and im-
prove generalization. Finally, connections across layers—whether residual shortcuts or skip links—are
frequently used to facilitate optimization and to preserve spatial detail, setting the stage for the en-
coder–decoder architectures discussed in the following section.

Element Description
Kernel size Size of local neighborhood captured by the filter.
Stride Step size of the kernel; controls downsampling.
Padding Preserves spatial size and edge information, change field dimen-

sions
Dilation Enlarges receptive field without extra parameters.
Receptive field Input region influencing each output unit.
Depth Number of layers; captures hierarchical features.
Width Number of filters per layer; increases feature diversity.
Normalization Stabilizes training (e.g., BatchNorm, LayerNorm).
Activation Adds nonlinearity (e.g., ReLU, GELU).
Upsampling Increases resolution (transposed conv, interpolation).

Table 6: Concise summary of convolutional design elements.

3.4.3 Encoder–Decoder and U-Net Style Designs

Practically, convolutional architectures are rarely implemented as a simple sequence of layers. In-
stead, they commonly adopt an encoder–decoder structure, where the input is progressively compressed
through a series of downsampling operations into a compact latent representation at the bottleneck, and
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Encoder Decoder HRLR

Neural Model

Figure 13: Schematic representation of an encoder–decoder architecture for image-to-image tasks.
The low-resolution (LR) input on the left is compressed by the encoder into a compact representation,
which is then expanded by the decoder to produce the high-resolution (HR) output on the right.

then expanded back to the original resolution by the decoder. This compression–expansion paradigm
forces the network to learn both efficient encodings and effective reconstruction strategies, making it
particularly well suited for dense prediction tasks such as forecasting and climate downscaling. By
capturing multiscale features and restoring fine details, encoder–decoder designs provide a flexible
foundation for modern convolutional architectures.

A canonical realization of this principle is the U-Net architecture. U-Nets are characterized by a
symmetric encoder–decoder structure centered around a bottleneck. A key innovation is the use of
skip connections, which directly link feature maps from the encoder to the corresponding stages of the
decoder. These connections help recover fine-scale information that would otherwise be lost during
downsampling, making U-Nets particularly effective for tasks requiring high spatial fidelity.

Downsampling in the encoder and upsampling in the decoder can be implemented in several ways,
each with its own advantages and limitations:

• Downsampling methods:

– Max pooling: Selects the maximum value within a local window (e.g., 2 × 2). Simple,
efficient, and widely used, non-trainable.

– Average pooling: Replaces each local window with its average value. Preserves more infor-
mation than max pooling but may oversmooth details.

– Strided convolutions: Apply a convolution with stride s > 1, which reduces spatial resolu-
tion while still learning trainable filters. Often preferred in modern architectures as they
integrate downsampling with feature extraction.

• Upsampling methods:

– Nearest-neighbor interpolation: Expands the feature map by duplicating neighboring values.
Simple and fast, but can create blocky artifacts; typically followed by a convolution for
refinement.

– Bilinear interpolation: Uses linear interpolation across both axes to produce smoother re-
sults. Also often followed by a convolution to recover detail.

– Transposed convolutions: Insert zeros between input elements and apply a standard convo-
lution, producing learnable upsampling. Flexible but prone to checkerboard artifacts if not
carefully designed.

– Sub-pixel convolution: First generates multiple feature channels, then rearranges them spa-
tially (pixel shuffle). Efficient and widely used in super-resolution, but less common in
segmentation tasks.

– 2D upsampling + convolution: A hybrid strategy where interpolation (nearest or bilinear) is
applied first, followed by a convolutional layer to refine the upscaled representation. Often
avoids artifacts while retaining trainability.
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Figure 14: Illustration of the basic building blocks used in ResNet-style encoder–decoder architectures.
The Down block (green) reduces spatial resolution while increasing feature richness, the Residual block
(purple) serves as the fundamental processing unit, and the Up block (orange) restores spatial resolution
while refining the representation.

Residual blocks are a powerful design element that substantially improve the performance and
trainability of convolutional networks. In a plain convolutional block, the input is passed through a
sequence of convolution, normalization, and activation layers, and the transformed output is then fed
to the next stage. Residual blocks extend this idea by introducing a skip connection: the input is
added directly to the block’s output. In its simplest form, the operation can be written as

y = F (x) + x,

where x is the block input and F (x) represents the sequence of transformations (convolutions, normal-
izations, and activations). This formulation allows the network to learn residual mappings—corrections
on top of the identity—rather than the full transformation itself. The result is easier optimization,
faster convergence, and the ability to train much deeper networks without suffering from vanishing
gradients.

An important property of residual blocks is their flexibility: if the learned residual F (x) is close to
zero, the block simply preserves its input, effectively bypassing the transformation. If, on the other
hand, substantial modifications are needed, the residual path applies the required changes. In this
way, residual blocks act as implicit gates, letting the network decide when to preserve information and
when to transform it.

In modern ResNet-style architectures, residual blocks are typically combined with downsampling or
upsampling operations to form Down blocks and Up blocks, which serve as the main structural elements
of encoder–decoder designs. A simple illustration of these three components (Residual, Down, and Up
blocks) is reported in Figure 14.

Several implementation variants exist. In the original formulation, the skip connection is added
after a pair of convolution–activation layers, typically with Batch Normalization in between. Later
refinements introduced pre-activation, where normalization and activation are applied before the con-
volutions, which further stabilizes training. Depending on the dimensionality, the skip connection can
be implemented as a simple identity mapping or as a 1× 1 convolution to match channel dimensions.
These residual structures have become a standard component of modern CNN architectures and are
often combined with encoder–decoder designs, including U-Nets, to enhance representational power
and stability.

Over time, many extensions of the basic U-Net and residual designs have been proposed to improve
efficiency and accuracy. A common variant is the Residual U-Net, which integrates residual blocks
into the encoder–decoder structure. An example of a typical res-net is illustrated in Figure 15. This
combination leverages the stability and depth scalability of ResNets while retaining the spatial detail
recovery of U-Nets. In some implementations, residual scaling is also applied, where the residual
branch is multiplied by a small factor before being added back to the main path, improving training
stability in very deep networks.
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Figure 15: Schematic of a residual U-Net architecture built with standard blocks. The encoder (green
Down blocks) progressively reduces spatial resolution while expanding the feature space. A bottleneck
of Residual blocks (purple) processes the compressed representation. The decoder (orange Up blocks)
restores spatial resolution, with skip connections linking encoder and decoder stages to recover fine-
scale information.

Another important family of extensions introduces attention mechanisms. Modules such as squeeze-
and-excite blocks adaptively recalibrate feature channels by modeling interdependencies, while CBAM
(Convolutional Block Attention Module) and attention gates combine channel- and spatial-level weight-
ing to guide the network’s focus toward the most relevant regions. These mechanisms enhance the
representational capacity of convolutional architectures by allowing the model to prioritize informative
features and suppress irrelevant ones.

Finally, efficiency-oriented modifications include the use of depthwise separable convolutions, which
factorize a standard convolution into a depthwise convolution (applied independently to each channel)
followed by a pointwise convolution (1× 1). This dramatically reduces the number of parameters and
computational cost while maintaining strong representational power, and has been widely adopted in
lightweight architectures.

U-Nets have become the de facto backbone in climate and meteorological applications because
their design aligns closely with the structure of geophysical fields. The encoder captures large-scale
circulation patterns by progressively enlarging the receptive field, while the decoder, supported by skip
connections, preserves and reconstructs local detail that is crucial for surface variables. This balance
makes U-Nets particularly effective for downscaling tasks, and they will be used extensively throughout
this thesis: either as baselines, as fully developed models, or as fundamental components within more
advanced architectures such as diffusion models.

3.5 Transformer-Based Architectures
Transformers were introduced as a sequence-to-sequence architecture for machine translation, and they
have since become the dominant paradigm in a wide range of machine learning domains. In the imaging
domain, their success stems from replacing convolution with a fully attention-based mechanism, which
allows efficient modeling of dependencies across sequences.

At the core of the transformer lies the self-attention mechanism. Given an input sequence X ∈ Rn×d

of n elements with embedding dimension d, each element is linearly projected into a query Q = XWQ,
key K = XWK , and value V = XWV , with learnable weight matrices WQ, WK , WV ∈ Rd×dh . The
attention weights are computed by comparing queries and keys through a scaled dot product:

Attention(Q, K, V ) = softmax!
(

QK⊤
√

dh

)
V, (10)

where dh is the dimension of each head. The scaling factor
√

dh prevents excessively large dot
products and stabilizes gradients during training. This operation produces a weighted combination of
values in which every element can attend to all others, irrespective of distance. In practice, multiple
attention heads are used in parallel:
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MultiHead(Q, K, V ) = Concat(head1, . . . , headh)WO, (11)
with h heads and an output projection WO.

Transformer Block

Multi-Head
Attention

Normalization

MLP

Normalization

Figure 16: Structure of a standard transformer block. The input is first normalized and passed through
a multi-head self-attention layer, followed by a residual (skip) connection. A second normalization
precedes a position-wise feed-forward network, typically a two-layer MLP with GELU activation, and
another residual connection. This sequence of normalization, attention, feed-forward processing, and
skip connections constitutes the core unit that is stacked to build deep transformer architectures.

The core structural unit of transformer architectures is the transformer block. A standard block
is composed of two main stages. In the first stage, the input is normalized and passed through a
multi-head self-attention layer, after which a residual (skip) connection adds the original input back
to the result. In the second stage, the output is normalized again and propagated through a position-
wise feed-forward network, typically implemented as a multilayer perceptron with a GELU activation
in the hidden layer. A second residual connection ensures stable optimization. This sequence of
normalization, attention, feed-forward processing, and skip connections, illustrated in Figure 16, is
repeated across stacked blocks, allowing the model to learn hierarchical representations. Unlike CNNs,
where hierarchical features emerge from progressively larger receptive fields, transformers achieve a
similar effect through successive layers of global attention, providing inductive biases that are more
flexible but less spatially constrained.

Since self-attention is inherently permutation-invariant, transformers require additional mecha-
nisms to encode the order or structure of the input. This is typically achieved through positional
encodings, which inject information about sequence order into the embeddings. While originally sinu-
soidal encodings were proposed, learned positional embeddings and relative positional encodings are
now widely used.

3.5.1 Transformers for Image Super-Resolution

The application of transformers to images is built on the principle introduced by the Vision Transformer
(ViT). An image is first divided into non-overlapping patches, which are flattened and embedded into
vectors of fixed dimension, as illustrated in Figure 17a. The resulting sequence of patch embeddings is
then propagated through a cascade of transformer blocks, as shown in Figure 17b, where self-attention
captures dependencies across patches. In this way, spatial information is reformulated into a sequence
representation and returned as an output sequence, enabling the network to exploit its ability to model
long-range interactions.
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(a) Patch embedding process in transformer-based super-resolution models. A low-resolution (LR)
field is divided into non-overlapping patches, flattened, projected into embeddings, combined with
positional encodings, and then passed to the transformer.
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(b) Sequence-to-sequence processing with transformers. An input sequence is propagated
through transformer blocks, producing an output sequence.

Figure 17: Overview of transformer-based image translation. (a) Patch embedding process. (b)
Sequence-to-sequence processing.
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For super-resolution, this patch-based formulation adapts naturally to the downscaling task, where
a low-resolution input is mapped to a high-resolution output. Several architectural variants have been
explored. A straightforward approach is the use of a pure transformer encoder–decoder, in which
both the encoding and reconstruction are handled by transformer layers. More practical are hybrid
designs, where a transformer encoder extracts global dependencies from the low-resolution input,
and a convolutional decoder (often U-Net–like) reconstructs the high-resolution field efficiently while
preserving fine-scale structure.

Further developments extend this paradigm. The Swin Transformer introduces hierarchical process-
ing with shifted windows, reintroducing a degree of locality and improving efficiency on high-resolution
inputs. Other architectures integrate transformers into U-Net designs more directly, for example by
replacing the bottleneck with transformer blocks or by introducing transformer-based skip connections.
These hybridizations aim to combine the strengths of global attention with the efficiency and inductive
biases of convolutional layers.

Overall, transformer-based approaches provide greater flexibility in learning complex spatial de-
pendencies, at the cost of higher data requirements and reduced inductive bias compared to purely
convolutional models. When sufficient training data are available, and when the relationship between
input and output fields depends strongly on long-range interactions, these models have the potential to
outperform traditional CNN-based super-resolution architectures, particularly in climate downscaling
where global dependencies often play a decisive role.

3.6 Generative Adversarial Networks (GANs)
The generative adversarial network (GAN) framework is based on an adversarial game between two
neural networks: a generator G and a discriminator D [GPAM+14]. The generator is tasked with
producing samples that resemble the target distribution, in the case of super-resolution, high-resolution
(HR) fields, while the discriminator learns to distinguish between real HR samples from the training
set and synthetic ones produced by the generator.

Architecturally, the generator is often designed as a convolutional decoder that transforms a lower-
dimensional representation into a structured HR output. In the context of downscaling, G typically
receives a low-resolution (LR) field as input and maps it to a plausible HR realization. Depending on
the application, encoder–decoder structures such as U-Nets are commonly employed, as they allow the
network to combine global context with local detail. The discriminator, on the other hand, is generally
a classifier built with convolutional layers, producing a scalar output that reflects the probability that
its input comes from the real dataset rather than from G. While convolutional networks are the
dominant choice for both G and D, in principle any differentiable architecture can be used, including
fully connected networks.

Training proceeds as a two-player min–max optimization problem. The discriminator seeks to
maximize its classification accuracy, while the generator is optimized to minimize the discriminator’s
ability to tell apart real and generated samples. Formally, this can be expressed as:

min
G

max
D

Ex∼pdata

[
log D(x)

]
+ Ez∼pz

[
log
(
1−D(G(z))

)]
. (12)

where x denotes a real HR sample from the data distribution pdata, and z represents a random
vector drawn from a simple prior distribution pz (e.g., Gaussian noise). Through this adversarial
process, G is encouraged to produce outputs that are not only visually convincing but also statistically
consistent with the real data distribution, as judged by D.

The design space of GANs is extremely broad, with countless variants proposed to improve stability,
perceptual quality, or diversity of generated samples. In the super-resolution domain, for example,
adversarial losses have been combined with perceptual criteria and enhanced discriminator designs to
produce sharper reconstructions. At the same time, this diversity highlights how problem dependent
GANs are: adversarial training is notoriously unstable, and small architectural or training choices
can determine whether a model succeeds or collapses. As a consequence, despite their flexibility and
elegance, GANs have proven difficult to adapt reliably to specialized applications such as climate
downscaling.
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Figure 18: Schematic of a deterministic GAN for super-resolution. The generator receives a low-
resolution (LR) input and, through an encoder–decoder architecture, produces a synthetic high-
resolution (HR) field. Both the generated HR and the corresponding real HR are passed to the
discriminator, composed of a convolutional encoder followed by a multilayer perceptron (MLP), which
outputs a probability indicating whether the sample is real or generated.

3.6.1 Conditioning in GANs

In their original formulation, GANs are designed as non-deterministic generative models. The generator
G maps a random vector z ∼ pz to a synthetic output G(z), allowing multiple plausible realizations
for the same underlying condition. This stochasticity is a powerful feature: it enables the generator to
represent diverse samples consistent with the target data distribution.

For super-resolution and climate downscaling, however, the setting is different. The low-resolution
(LR) input already imposes strong constraints on the possible high-resolution (HR) outcomes. If the
generator were driven only by random noise, it would attempt to learn the entire data distribution of
atmospheric states—a task irrelevant to the conditional problem at hand. The solution is to condition
the generator on the LR input, leading to the formulation of conditional GANs (cGANs) [MO14]. In
this framework, the generator produces G(y, z), where y denotes the LR field and z optional noise.

This conditioning introduces two main design choices:

1. Deterministic GANs, where G is conditioned solely on the LR field y (with no noise). This
simplifies training and leads to stable, sharp reconstructions, but sacrifices the ability to model
multiple plausible HR outcomes. The widely used SRGAN model [LTH+17] exemplifies this
approach. An example of a determenistic conditioned GAN is illustrated in Figure 18.

2. Stochastic GANs, where G is conditioned on both the LR field and random noise, G(y, z). This
allows the model to capture different HR realizations consistent with the same LR input, though
in practice training tends to be more difficult and less stable.

Thus, while GANs in principle provide a framework for non-deterministic super-resolution, many
practical implementations in climate downscaling and computer vision favor the deterministic variant,
accepting reduced variability in exchange for robustness.

3.6.2 Limitations of GANs in Practice

Despite their elegant formulation and impressive results in some domains, GANs remain difficult to
use in practice. Training lacks convergence guarantees, is prone to instabilities such as mode collapse,
and requires careful hyperparameter tuning. Designing an architecture that transfers smoothly across
different domains or variables is rarely straightforward, and substantial effort is often needed to fine-
tune models for each new downscaling application.

While GAN-based generators can produce visually sharp reconstructions, these are not always
physically consistent and are prone to artefacts, which is a critical concern in operational downscaling
contexts. In practice, conditioning is usually performed in a purely deterministic fashion, meaning

60



the model loses the stochastic advantages of probabilistic approaches and functions essentially as an
adversarially trained regressor. On the other hand, GANs are typically more computationally efficient
than diffusion models, offering faster training and inference once a stable configuration is achieved.

In the field of climate downscaling, GANs have been explored but have rarely become the primary
tool of choice, largely due to these limitations. Their instability, difficulty of adaptation, and lack
of physical reliability motivate the move toward diffusion models and other probabilistic generative
methods, which provide a more robust way of representing uncertainty while maintaining consistency
with large-scale dynamics. Nevertheless, GANs remain a cornerstone architecture and will be used
extensively in this thesis as a point of comparison with other methods.

3.7 Denoising Diffusion Models
Diffusion models are a class of generative models that have recently achieved state-of-the-art perfor-
mance in non-deterministic downscaling. Their central idea is to frame generation as the reversal of a
gradual noising process. In the forward process, a clean data sample x0 is progressively corrupted by
Gaussian noise through a sequence of steps, producing increasingly noisy versions x1, x2, . . . , xT until
the signal is indistinguishable from pure noise. This process is designed to be simple and tractable:
each step adds only a small amount of noise according to a predefined schedule.

The learning task is to approximate the reverse process: starting from pure noise xT , the model
learns how to iteratively remove noise and recover a clean sample. This is achieved by training a
denoiser network ϵθ(xt, t), most often a U-Net, to predict the noise component at each timestep. By
chaining together many such denoising steps, the model transforms unstructured noise into structured
data that matches the distribution of the training set.

Intuitively, each reverse step can be broken down into three operations:

1. Denoise the current sample using the trained network.

2. Reintroduce a controlled amount of noise (depending on the chosen formulation).

3. Update the signal-to-noise ratio according to the schedule.

Iterating this loop produces a clean sample after T steps. What distinguishes diffusion from earlier
generative approaches is that the model does not attempt to generate an entire sample in a single pass.
Instead, it constructs the output gradually, leveraging the stability of denoising as a learning task.

This perspective highlights two key strengths of diffusion models. First, their training is stable,
since predicting noise from noisy inputs is a well-conditioned regression problem. Second, their iterative
nature naturally supports probabilistic modeling: by injecting controlled noise at each step, diffusion
models can generate diverse outputs consistent with the training distribution. These properties make
them particularly appealing for scientific applications such as climate downscaling, where both stability
and uncertainty quantification are essential.

3.7.1 Mathematical Foundations

From a mathematical perspective, considering a distribution q(x0) which generates the data, generative
models aim to find a parameter vector θ such that the distribution pθ(x0) parameterized by a neural
network approximates q(x0).

To make the problem tractable, diffusion models introduce a sequence of latent variables that repre-
sent progressively noisier versions of the data. Instead of modeling the data distribution pθ(x0) directly,
it is expressed as the marginal of a joint distribution over the entire noise trajectory {x1, x2, . . . , xT }:

pθ(x0) =
∫

pθ(x0:T ) dx1:T . (13)

This formulation means that the probability of observing x0 can be obtained by integrating over all
possible intermediate states.

The key assumption of denoising diffusion probabilistic models (DDPMs) is that these intermediate
states follow a Markov chain evolving backwards in time: starting from pure Gaussian noise xT , the
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Figure 19: Illustration of the reverse diffusion process. Starting from pure Gaussian noise xT , the model
iteratively applies the neural network denoiser ϵθ(xt, t) to predict the injected noise and progressively
reconstruct cleaner samples. At each step, a portion of noise proportional to (1− αt) is reintroduced,
until a high-resolution approximation of the original image x0 is obtained.

model learns to iteratively denoise until it reconstructs a clean sample x0. The joint distribution
therefore factorizes as

pθ(x0:T ) = pθ(xT )
T∏

t=1
pθ(xt−1|xt), (14)

where pθ(xT ) is a simple prior distribution (commonly N (0, I)), and each transition pθ(xt−1|xt) is a
learned denoising step parameterized by the neural network.

The formulation introduced above provides a principled generative model for the data: starting
from Gaussian noise xT , the model defines a reverse Markov chain that eventually produces a clean
sample x0. However, this definition alone does not tell us how to learn the parameters θ. Training
ideally requires maximizing the log-likelihood of the observed data,

max
θ

log pθ(x0), (15)

but computing pθ(x0) involves integrating over all latent states x1:T in Equation (13). This integral is
intractable in practice, since the number of latent variables grows linearly with the number of timesteps
T .

To address this challenge, diffusion models adopt a variational approach. The idea is to compare
the intractable reverse process pθ(x1:T |x0) with the known forward process q(x1:T |x0), which defines
how noise is added to the data. By exploiting the non-negativity of the Kullback–Leibler divergence,
we obtain the following inequality:

DKL(q(x1:T |x0) ∥ pθ(x1:T |x0)) ≥ 0, (16)

which implies
− log pθ(x0) ≤ − log pθ(x0) + DKL. (17)

This expression provides an upper bound on the negative log-likelihood, known as the Evidence Lower
Bound (ELBO). Expanding the terms, we obtain a tractable training objective:

Lθ = Eq

[
log q(x1:T |x0)− log pθ(x0:T )

]
, (18)
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where the expectation is taken with respect to the forward process q(x1:T |x0), which is analytically
defined and straightforward to sample from.

In practice, minimizing this objective enforces that the learned reverse process pθ(x0:T ) matches
the forward noising process q(x1:T |x0). Training diffusion models therefore amounts to optimizing the
ELBO loss Lθ, which acts as a tractable surrogate for maximum likelihood estimation of the data
distribution.

The variational loss introduced in Equation 18 can be further decomposed into a sum of per-timestep
contributions [SWMG15]:

Lθ = LT + LT −1 + · · ·+ L0, (19)
where

LT = DKL(q(xT |x0) ∥ pθ(xT )),

Lt = DKL(q(xt|xt+1, x0) ∥ pθ(xt|xt+1)) for 1 ≤ t ≤ T − 1,

L0 = − log pθ(x0|x1).
Since all involved distributions are Gaussian, the KL divergences can be evaluated in closed form,

leading to the simplified expression

Lt = Et∼[1,T ], x0, ϵt

[
γt

∥∥ϵt − ϵθ(xt, t)
∥∥2
]

. (20)

In other words, the training loss reduces to the mean squared error between the predicted noise ϵθ(xt, t)
and the actual noise ϵt used in the forward process, weighted by a factor γt.

In practice, empirical results show that ignoring the weighting coefficients γt often yields better
performance, so most implementations adopt the unweighted mean squared error as the training ob-
jective.

While DDPMs assume that the forward diffusion is Markovian, Denoising Diffusion Implicit Models
(DDIMs) [SME20b] relax this constraint by introducing a non-Markovian formulation. The key idea
is to define a forward process that is no longer strictly Markovian, yet preserves the same marginal
distributions q(xt|x0) as in DDPM. This allows greater flexibility in the definition of the trajectory
and enables deterministic sampling with fewer steps.

Formally, the DDIM forward process is written as

qσ(x1:T |x0) = qσ(xT |x0)
T∏

t=2
qσ(xt−1|xt, x0). (21)

Here, unlike the DDPM case, the transition distribution qσ(xt−1|xt, x0) is allowed to depend on both
xt and the original clean sample x0.

The terminal distribution is defined as a Gaussian

qσ(xT |x0) = N
(
xT

∣∣√αT x0, (1− αT )I
)

, (22)

and each intermediate transition also remains Gaussian,

qσ(xt−1|xt, x0) = N
(

xt−1

∣∣∣µσt
(x0, αt−1), σ2

t I
)

, (23)

with mean
µσt

(x0, αt−1) = √αt−1 x0 +
√

1− αt−1 − σ2
t ·

xt −
√

αtx0√
1− αt

. (24)

By construction, the marginal distribution at any step t remains identical to the DDPM formulation:

qσ(xt|x0) = N
(
xt

∣∣√αtx0, (1− αt)I
)

. (25)

This ensures that a noisy sample xt can always be expressed as a linear combination of the clean data
and Gaussian noise:

xt = √αt x0 +
√

1− αt ϵt, ϵt ∼ N (0, I). (26)
This property guarantees compatibility between DDPM and DDIM: the two models share the same

forward marginals, while DDIM additionally allows for a non-Markovian trajectory that enables faster
or deterministic sampling.
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In order to define the reverse process, we must specify how the transition distributions pθ(xt−1|xt)
are parameterized. A common choice in diffusion models is to train a neural network to predict the
noise component that was added during the forward process.

Considering that in forward dynamics a noisy sample at time t is expressed as reported in Equa-
tion (26), if the network ϵθ(xt, αt) can correctly estimate the noise ϵt, one can recover an estimate of
the original clean sample x0 as

f
(t)
θ (xt, αt) = xt −

√
1− αt ϵθ(xt, αt)√

αt
. (27)

This estimated x̂0 = f
(t)
θ (xt, αt) can then be injected into the DDIM reverse formulation to obtain the

previous state:
xt−1 = √αt−1 f

(t)
θ (xt, αt) +

√
1− αt−1 − σ2

t ϵθ(xt, αt). (28)

This parameterization highlights the practical role of the neural network: given a noisy observation
xt, it predicts the perturbation that must be removed in order to recover a clean signal. In practice, this
approach has become the standard for diffusion models due to its simplicity and empirical effectiveness.
It is, however, only one possible formulation: alternative parameterizations based on predicting the
clean sample x0 directly or predicting the so-called velocity have also been proposed. These alternatives
will be discussed in subsequent sections.

Algorithms for training and sampling. The diffusion framework admits a very simple training
procedure. At each iteration, a clean data point x0 is perturbed with Gaussian noise according to a
randomly chosen timestep t, yielding a noisy sample xt. The neural network ϵθ(xt, αt) is then trained
to predict the exact noise that was injected, using a mean squared error objective. This is summarized
in Algorithm 1.

Algorithm 1 Training procedure for diffusion models.
1: repeat
2: x0 ∼ q(x0) ▷ sample a clean datapoint
3: t ∼ Uniform{1, . . . , T} ▷ sample a timestep
4: ϵ ∼ N (0, I) ▷ sample Gaussian noise
5: xt = √αt x0 +

√
1− αt ϵ ▷ corrupt x0

6: Update θ by minimizing ∥ϵ− ϵθ(xt, αt)∥2

7: until convergence

Sampling from the model proceeds in the reverse direction. Starting from pure Gaussian noise
xT ∼ N (0, I), the network is applied iteratively to predict the noise and recover progressively denoised
samples xt−1 until a clean signal x0 is obtained. The process is summarized in Algorithm 2.

Algorithm 2 Sampling procedure for diffusion models.
1: xT ∼ N (0, I)
2: for t = T, . . . , 1 do
3: ϵ = ϵθ(xt, αt) ▷ predict noise
4: x̃0 = 1√

αt

(
xt −

√
1− αt ϵ

)
▷ estimate clean sample

5: xt−1 = √αt−1 x̃0 +√1− αt−1 ϵ ▷ construct next state
6: end for

3.7.2 Practical Variants: DDPM vs DDIM

While the mathematical framework of diffusion models is general, in practice two main formulations are
widely adopted: Denoising Diffusion Probabilistic Models (DDPM) [HJA20b] and Denoising Diffusion
Implicit Models (DDIM) [SME20b]. Both approaches rely on the same forward diffusion process, but
they differ in how the reverse denoising steps are defined.
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In the case of DDPM, the reverse process is modeled as a Markov chain

pθ(x0:T ) = p(xT )
T∏

t=1
pθ(xt−1|xt),

where at each step a new random noise sample is injected. This makes the process stochastic: even
with the same trained model and initial noise xT , different noise draws at intermediate steps can lead
to different samples.

DDIM instead introduces a non-Markovian formulation

qσ(x1:T |x0) = qσ(xT |x0)
T∏

t=2
qσ(xt−1|xt, x0),

which allows the reverse process to be deterministic when the variance parameter σt is set to zero. In
this case, the trajectory from xT back to x0 follows a fixed path defined by the model’s predictions,
without injecting additional noise at each step. As a result, DDIM sampling can reconstruct realistic
samples in far fewer steps compared to DDPM, while achieving similar quality.

This efficiency makes DDIM particularly well-suited for computationally intensive applications such
as high-resolution climate downscaling. For this reason, throughout this thesis we rely on DDIM with
deterministic sampling (σt = 0) as the default choice.

From an implementation perspective, the main difference between DDPM and DDIM lies in how
the new noise is handled at each reverse step. In DDPM, the procedure at step t is:

1. Use the network ϵθ(xt, t) to predict the noise in the current sample xt.

2. Form an estimate of the clean image x̂0 or the denoised sample at step t − 1 using the chosen
parameterization.

3. Sample a new independent Gaussian noise z ∼ N (0, I).

4. Combine x̂0 and z with the updated signal and noise rates (αt−1, σt) to construct xt−1.

Each step therefore introduces fresh randomness, and the final sample x0 depends on both the initial
noise xT and all intermediate noise draws. In DDIM, the process is similar except for the treatment
of the noise term:

1. Use the network ϵθ(xt, t) to predict the noise in the current sample xt.

2. Form an estimate of the clean image x̂0 or the denoised sample at step t − 1 using the chosen
parameterization.

3. Instead of sampling new noise, re-use the predicted noise ϵθ(xt, t), scaled according to the updated
rates.

4. Construct xt−1 deterministically from x̂0 and the rescaled predicted noise.

As a result, the trajectory from xT back to x0 becomes deterministic when σt = 0, and the number of
required steps can be significantly reduced without a major loss in quality. This practical difference
is often summarized as: DDPM re-samples noise at every step, whereas DDIM reuses the model’s
predicted noise with updated coefficients.

As a compact summary, the deterministic DDIM reverse update can be written in closed form as

xt−1 =
√

αt−1

αt
xt +

(√
1− αt−1 −

√
αt−1(1−αt)

αt

)
ϵθ(xt, αt). (29)

This expression highlights that each reverse step is a linear combination of the current sample xt and
the predicted noise ϵθ(xt, t), with coefficients determined entirely by the noise schedule {αt}. The
stochastic DDPM update is recovered by reintroducing an additional Gaussian noise term at each
step, whereas in the deterministic DDIM case (σt = 0) no new randomness is injected.
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3.7.3 Noise and Signal Rates

As introduced in Section 3.7.1, in the standard formulation of diffusion models a corrupted sample at
time t is expressed as a mixture of the clean data x0 and Gaussian noise ϵ:

xt = √αt x0 +
√

1− αt ϵ, ϵ ∼ N (0, I).

Here, αt is the signal power at step t. The corresponding multipliers

st = √αt, nt =
√

1− αt

are called the signal rate and noise rate, since they directly control the strength of the clean signal
and the injected noise. Their squares satisfy s2

t + n2
t = 1, which reflects the variance-preserving (VP)

assumption: at every step, the combined variance of signal and noise remains constant. Together,
these quantities define the signal-to-noise ratio (SNR):

SNRt = αt

1− αt
.

We use square roots because powers (αt, 1−αt) represent variances, while the multipliers in the forward
process must be standard deviations.

A practical diffusion process, however, cannot span the entire range from perfectly clean data to
pure noise. Instead, it is constrained between finite upper and lower bounds on the SNR, and within this
interval a specific schedule determines how st and nt evolve over time. These two design choices—the
bounds and the schedule—jointly shape the difficulty of the denoising task and the overall effectiveness
of the model.

Upper and lower bounds. In theory, one would like the diffusion process to begin from a perfectly
clean state (SNR → ∞) and end in pure noise (SNR → 0). In practice, however, such extremes are
problematic: if the signal rate at t = 0 were exactly one, the process would be deterministic and
gradients would vanish; if the noise rate at t = 1 were exactly one, all structure would be destroyed
and the reverse process would lack any foothold for denoising. For this reason, the range of αt

(equivalently the log-SNR) is restricted to finite bounds. By choosing upper and lower limits—typically
log SNRstart ≫ 0 and log SNRend ≪ 0—one ensures numerical stability, well-behaved gradients, and a
smoother training signal across the full trajectory.

A central design choice is therefore how to parameterize these bounds. The most common formula-
tion is to specify them directly in log-SNR space, which provides intuitive control in terms of orders of
magnitude of the signal-to-noise ratio. In cosine-based schedules, by contrast, the same role is played
by selecting minimum and maximum angles, which determine the effective range of signal and noise
rates. Other formulations exist as well, such as interpolating in log-noise or log-signal power. In all
cases, however, explicit bounds are required to keep the process well-behaved at both ends.

In practice, the values of these bounds are treated as hyperparameters and tuned empirically. Some
recent works [KAAL22] emphasize that the optimal range can be task-dependent: for example, image
generation may tolerate stronger corruption, while super-resolution or conditional tasks often benefit
from preserving more signal at the final step. This highlights that, while much attention is given to
the functional form of the schedule, the choice of bounds can be equally critical for stable training and
high-quality sampling.

Variance-preserving schedules. In the variance-preserving (VP) setting, the forward process is
written as

xt = stx0 + ntϵ, s2
t + n2

t = 1,

so that the total variance of xt is constant and only the balance between signal and noise evolves with
time. The design freedom lies in how st and nt interpolate between the near-clean start (s0 ≈ 1, n0 ≈ 0)
and the near-noisy end (s1 ≈ 0, n1 ≈ 1).

Early work [HJA20b] adopted a linear schedule on noise power,

n(t)2 = (1− t) n(0)2 + t n(1)2,
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a simple baseline that often erases signal too abruptly near t = 1. Nichol & Dhariwal [ND21] proposed
a cosine schedule, where diffusion time is reparameterized as an angle

θ(t) = (1− t) arcsin
(
n(0)

)
+ t arcsin

(
n(1)

)
, n(t)2 = sin2θ(t),

which preserves more signal at both ends and produces smoother degradation.
A different family of schedules interpolates in logarithmic domains. In the log-SNR linear case

[KSPH21], one sets

log SNR(t) = (1− t) log SNR(0) + t log SNR(1), n(t)2 = 1
1+SNR(t) ,

so that the SNR decays exponentially instead of collapsing suddenly at the end. Analogously, log-noise
and log-signal schedules interpolate geometrically in n(t)2 or s(t)2,

n(t)2 = n(0)2
(

n(1)2

n(0)2

)t

, s(t)2 = s(0)2
(

s(1)2

s(0)2

)t

,

ensuring constant ratio growth or decay.
Further heuristics introduce nonlinear pacing, e.g. squared-time decay

s(t)2 = s(0)2
(

s(1)2

s(0)2

)t2

,

which preserves more signal early on and collapses faster later. Finally, Lin et al. [LCW+24] proposed
a logistic schedule, where cumulative signal power follows

α(t) = 1
1 + exp[κ(t− t0)] , s(t) =

√
α(t), n(t) =

√
1− α(t),

with parameters t0 (midpoint) and κ (steepness) controlling the shape of the S-curve.
Across all these formulations, the endpoints remain the same, but the intermediate trajectory

dictates how task difficulty is distributed: slow decay leaves denoising trivial, while fast decay makes
it intractable. A comparison of all VP methods is reported in Table 8 and in Figure 20 the respective
signal and noise rates are plotted.

Non variance-preserving schedules. Non-variance-preserving (non-VP) approaches lift the con-
straint s2

t + n2
t = 1, so the signal and noise coefficients are no longer tied to a fixed total variance.

This decoupling enlarges the design space: the forward dynamics need not be governed solely by the
signal-to-noise ratio, but can instead be shaped by other criteria. Broadly, four main directions have
emerged.

The first is variance-exploding (VE) processes [SSDK+20, KAAL22], where the signal is left un-
scaled (st = 1) while the noise coefficient grows exponentially,

xt = x0 + σ(t) ϵ, σ(t) = σmin

(
σmax
σmin

)t

.

Here the total variance increases as 1 + σ(t)2, leading to weak perturbations early and aggressive
corruption near t = 1. VE schedules stabilize score matching but require very large σmax to reach pure
noise.

A second line of work defines schedules by equalizing step difficulty. Okada et al. [OYK+24]
introduced constant-rate (CRS) schedules, which enforce a fixed distributional change per step,

D
(
q(xt), q(xt+∆)

)
= const,

with D typically the symmetric KL divergence. This yields dataset-dependent st, nt trajectories that
avoid trivial early steps and overly hard late ones.

A third perspective, proposed by Kahouli et al. [KRG+25], is to disentangle total variance and
SNR. By introducing two independent functions, TV(t) and SNR(t), the forward process becomes

s2
t = TV(t) SNR(t)

1 + SNR(t) , n2
t = TV(t)

1 + SNR(t) .
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This framework recovers VP (TV(t) = 1) and VE (growing TV(t)) as special cases, but also allows
hybrid designs such as constant-TV with tuned SNR, which were shown to outperform exploding-TV
schedules.

Finally, beyond analytic formulas, several works explored learned or adaptive schedules [KSPH21,
SGDSK24]. Here the forward process is unchanged, but the trajectories st, nt (or their endpoints)
are optimized during training or conditioned on the input. This adds flexibility: schedules can adapt
per-instance or spatially, and the allocation of noise across timesteps can be tuned to the dataset or
task. A comparison of all non-VP methods is reported in Table 8.
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Figure 20: Comparison of common variance-preserving noise and signal rate schedules used in diffusion
models. Each panel shows the evolution of the signal rate st = √αt and noise rate nt =

√
1− αt over

normalized diffusion time t ∈ [0, 1]. Although all schedules interpolate between the same endpoints
(near-clean at t = 0 and near-noise at t = 1), their intermediate trajectories differ substantially,
affecting the difficulty of the denoising task at each step and the overall efficiency of training and
sampling. For all plots the bounds are set to log SNRstart = 20.0 and log SNRend = −5.0; the logistic
schedule uses κ = 10 and t0 = 0.5.

3.7.4 Design Space of Diffusion Models

Diffusion models involve a number of important design decisions that significantly influence their
stability, efficiency, and output quality. In the following we outline the main elements of this design
space.

Choice of denoiser. The denoising network fθ(xt, t) is the core of the model. In most implemen-
tations it takes the form of a U-Net [HJA20b], which provides a natural multi-scale decomposition
of the input. Residual networks are also widely used, as skip connections facilitate optimization and
allow deeper architectures. A number of architectural changes can be implemented: depthwise sepa-
rable convolutions reduce computational cost while preserving accuracy, squeeze-and-excitation blocks
allow dynamic channel-wise recalibration, and attention modules enable long-range interactions that
are otherwise difficult to capture with convolution alone. Also transformer-based denoisers have been
explored, offering potentially better scaling properties at the cost of higher training complexity. In
general, the choice for denoisers for diffusion is strongly connected with denoisers research in general.
A comprehensive description of denoising architectures is given in the previous sections.

Prediction targets. The denoiser can be parameterized in different but mathematically equivalent
ways, depending on the choice of training target. The original formulation is noise prediction, where
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Name Source Definition Properties

Linear Ho et al.
[HJA20b]
(2020)

Noise power interpolates linearly: n(t)2 = (1 −
t) n(0)2 + t n(1)2, with n(t) =

√
1 − αt.

Simple baseline;
tends to wipe out
signal too quickly
near the end. Stan-
dard DDPM choice.

Cosine Nichol &
Dhariwal
[ND21] (2021)

The diffusion time t ∈ [0, 1] is first mapped to
an angle between the start and end values

θ(t) = (1−t) arcsin
(√

n(0)2
)
+t arcsin

(√
n(1)2

)
,

where n(0)2 and n(1)2 are the initial and final
noise powers. The noise power is then defined
as n(t)2 = sin2(θ(t)), with noise rate n(t) =√

n(t)2 and signal rate s(t) =
√

1 − n(t)2.

Preserves more sig-
nal at both the start
and the end of the
process; produces a
smoother trajectory
than linear. Widely
used in practice.

Log-SNR Lin-
ear

Kingma et
al. [KSPH21]
(2021)

Log-SNR interpolates linearly:
log
(
SNR(t)

)
= (1 − t) log

(
SNR(0)

)
+

t log
(
SNR(1)

)
. Equivalent to geometric in-

terpolation of SNR, with noise power n2
t =

1/(1 + SNR(t)).

Ensures smooth ex-
ponential decay of
SNR; avoids abrupt
collapse near the end.
Common in continu-
ous VP-SDEs.

Log-Noise
Linear

Variants Noise power grows exponentially in t: n(t)2 =
n(0)2(n(1)2

n(0)2

)t. This can be seen as the expo-
nential analogue of the Linear schedule, with
constant growth ratio instead of constant incre-
ment.

Smooth geometric in-
crease of noise power;
avoids abrupt growth
near the end. Equiv-
alent to linear inter-
polation in log-noise
power.

Log-Signal
Linear

Variants Signal power decays exponentially in t: s(t)2 =
s(0)2( s(1)2

s(0)2

)t, with n(t)2 = 1 − s(t)2. This can
be seen as the exponential analogue of the Lin-
ear schedule applied to the signal rather than
the noise.

Smooth geomet-
ric decay of signal
power; emphasizes
early signal retention
and late rapid cor-
ruption. Equivalent
to linear interpo-
lation in log-signal
power.

Signal-Step
Linear

Heuristic Signal power decays geometrically with squared
time: S(t) = S(0)

(
S(1)
S(0)

)t2
, with n(t)2 = 1 −

S(t)2.

Preserves more sig-
nal at early steps and
collapses faster at
later steps; heuristic
that approximates a
linear-looking decay.

Logistic Lin et al.
[LCW+24]
(2024)

Cumulative signal power follows a logistic
curve: α(t) = 1

1+exp[κ(t−t0)] , with s(t) =
√

α(t),
n(t) =

√
1 − α(t). Here t0 sets the midpoint

(where α = 0.5) and κ controls the steepness.

Provides a smooth
S-shaped transition;
avoids vanishing
noise at t = 0; shown
to improve DDIM
inversion and editing
stability. Proposed
mainly for editing
tasks.

Table 7: Variance-preserving (VP) noise and signal rate schedules in diffusion models. All schedules
fit the forward process xt = √αtx0 +

√
1− αt ϵ, with αt + (1− αt) = 1.
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Name Source Definition Properties

Exponential
/ Geometric
(VE)

Song et al.
[SSDK+20],
Karras et al.
[KAAL22]

Forward process xt = stx0 + ntϵ, with fixed
signal rate st = 1 and noise coefficient nt =
σ(t) = σmin (σmax/σmin)t.

Variance-exploding: to-
tal variance 1+σ(t)2 in-
creases over time. Ag-
gressive late corruption;
requires large σmax to
reach pure noise. Used
in VE-SDEs and EDM.

Constant-
Rate (CRS)

Okada et al.
[OYK+24]
(2024)

Forward process xt = stx0 + ntϵ, where
st, nt are defined implicitly by the condition
D(q(xt), q(xt+∆)) = const for all t, typically
using the symmetric KL divergence.

Ensures that each dif-
fusion step changes the
distribution by the same
amount, avoiding triv-
ial or overly hard steps.
No closed form: sched-
ule is solved numerically
and becomes dataset-
dependent. Reported
to improve both train-
ing efficiency and sam-
ple fidelity.

TV/SNR Dis-
entangled

Kahouli et
al. [KRG+25]
(2025)

Forward process xt = stx0 + ntϵ, with
s2

t = TV(t) SNR(t)
1+SNR(t) and n2

t = TV(t)
1+SNR(t) . Here

TV(t) (total variance) and SNR(t) are cho-
sen independently.

Framework that gen-
eralizes VP and VE:
e.g. constant-TV with
tuned-SNR outperforms
exploding-TV. Provides
new design freedom
rather than a single
closed-form schedule.

Learned /
Adaptive

Kingma et
al. [KSPH21]
(2021), Sa-
hoo et al.
[SGDSK24]
(2024)

Forward process xt = stx0 + ntϵ, where st, nt

(or their endpoints) are optimized during
training, or conditioned on the input data.

Provides flexibility
beyond fixed analytic
schedules: bounds can
be learned, or noise
allocation can vary per-
instance or spatially.
Reported to improve
likelihoods and stability,
especially in conditional
or structured tasks.

Table 8: Non-variance-preserving noise and signal rate schedules. These approaches depart from the
standard VP assumption s2

t + n2
t = 1, either by exploding variance (VE), learning dataset-specific

schedules (CRS), disentangling total variance from SNR, or making schedules adaptive.
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the network is trained to estimate the Gaussian noise ϵ added in the forward process, using the objective

Lϵ = Ex0,ϵ,t

[
∥ϵ− ϵ̂θ(xt, t)∥2]. (30)

A natural alternative is image prediction, where the target is the original clean sample x0,

Lx0 = Ex0,ϵ,t

[
∥x0 − x̂0,θ(xt, t)∥2]. (31)

More recently, velocity prediction has been proposed [SH22], in which the target is a linear combination
of signal and noise defined as vt = √αt ϵ−

√
1− αt x0, with training loss

Lv = Ex0,ϵ,t

[
∥vt − v̂θ(xt, t)∥2]. (32)

Although these parameterizations differ, they are linearly related and therefore interchangeable:
once the model predicts one target, the others can be recovered through deterministic transformations.
In particular,

x̂0,θ = 1
√

αt

(
xt −

√
1− αt ϵ̂θ

)
, (33)

ϵ̂θ = 1√
1− αt

(xt −
√

αt x̂0,θ) , (34)

ϵ̂θ = 1
√

αt

(
v̂θ +

√
1− αt xt

)
, x̂0,θ = 1

√
αt

(
xt −

√
1− αt v̂θ

)
. (35)

In principle, all three objectives are equivalent; the choice of target does not alter the expressive
power of the model. In practice, however, their numerical conditioning differs. Noise prediction is
simple and stable, image prediction can lead to sharper results but becomes unstable at large noise
levels, and velocity prediction often provides the best balance by distributing information more evenly
across timesteps.

Exponential Moving Average (EMA). A crucial practical technique is the use of an exponen-
tial moving average of the network weights. During training the denoiser parameters may fluctuate
significantly due to stochastic optimization. The EMA maintains a smoothed copy of the parameters
θ

(EMA)
k at iteration k according to

θ
(EMA)
k = β θ

(EMA)
k−1 + (1− β) θk, (36)

where θk are the current parameters, and β ∈ [0, 1) is the decay factor, typically chosen between 0.999
and 0.9999. This recursion ensures that the EMA weights approximate a weighted average over past
parameter values with exponentially decaying importance. Concretely,

θ
(EMA)
k ≈ (1− β)

k∑
i=0

β i θk−i, (37)

so that more recent updates contribute more strongly than older ones.
From an intuitive perspective, the EMA can be seen as a low-pass filter applied to the trajectory of

the parameters during training: rapid, high-frequency fluctuations are suppressed, while slower, con-
sistent trends are preserved. This smoothing greatly improves the stability of the sampling procedure,
as the denoiser used at inference is less sensitive to noisy gradient updates or catastrophic jumps in
parameter space.

Importantly, if training converges to a stable solution θ∗, the EMA weights will converge to the
same point:

lim
k→∞

θk = θ∗ ⇒ lim
k→∞

θ
(EMA)
k = θ∗. (38)

Thus, EMA does not alter the asymptotic solution of training but accelerates the stabilization of the
model parameters along the way. For these reasons, the use of EMA has become a standard component
of diffusion-based generative modeling.
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Normalization. For diffusion models to function effectively, the noise distribution and the data
distribution must be placed on comparable scales. In practice, this is achieved by standardizing
data to zero mean and unit variance and ensuring that the predicted noise is drawn from the same
distribution. If the scales are mismatched, the learning task becomes unbalanced, and the denoiser
may fail to converge. Additional techniques such as clipping the outputs or reweighting the relative
contribution of signal and noise have been proposed to further stabilize training, depending on the
problem setting.

Stable Diffusion. A major development in the design of diffusion models has been the introduction
of latent diffusion models [RBL+22], commonly known through the Stable Diffusion framework. Instead
of operating directly in the high-dimensional pixel space, diffusion is performed in the latent space of
a pretrained autoencoder. The encoder compresses the input into a lower-dimensional representation
that preserves semantic content, while the decoder reconstructs the final output. By applying the
diffusion process in this compressed domain, the computational burden of each denoising step is greatly
reduced, enabling large-scale training and sampling at practical cost. This approach is particularly
effective for general-purpose image generation, where the latent space captures perceptual structure
while discarding low-level detail. For scientific applications such as climate downscaling, latent diffusion
offers a potential trade-off: reduced computation and larger receptive fields at the expense of fidelity
to fine-scale physical variability, which may be lost in the autoencoding stage.

Timestep sampling during training. The distribution from which timesteps t are sampled during
training influences convergence. If timesteps are sampled according to the inference schedule, train-
ing dynamics match the intended sampling process, and convergence is usually faster. Alternatively,
sampling timesteps uniformly across the entire range allows one to swap inference schedules with-
out retraining. However, uniform sampling often leads to unstable training or prevents convergence
altogether, an effect observed consistently in our experiments.

Number of reverse steps. The number of steps T in the reverse process directly determines the
computational cost of sampling, as each step requires a forward pass of the denoiser. Increasing T
generally improves sample quality, as the noise is removed more gradually, but also increases variance in
the generated samples and slows inference. Conversely, reducing T speeds up generation but may lead
to oversmoothing or loss of detail. The trade-off between computational cost, fidelity, and diversity is
a central aspect of diffusion modeling and a recurring theme of this thesis.

Conditioning strategies. For downscaling applications, unconditional diffusion is of limited value:
an unconditional model would simply generate samples from the global high-resolution distribution,
ignoring the low-resolution input entirely. Conditioning is therefore essential. In diffusion models,
this conditioning is not achieved by making the model “deterministic” in the way of a GAN, but by
explicitly injecting the conditioning signal into the denoiser network.

Formally, this can be written as extending the denoiser to depend not only on the noisy sample xt

and the timestep information t, but also on a conditioning variable c, for example the low-resolution
field. In the noise-prediction formulation, the network thus takes the form

ϵθ(xt, t, c),

where c = xLR provides the coarse-scale guidance.
The simplest and most commonly used strategy to implement this dependence is direct concatena-

tion, illustrated in Figure 21. In this scheme, the denoiser receives as inputs the noisy high-resolution
sample xt, the low-resolution conditioning field xLR, and the variance information αt (or equivalently
the timestamp t). These inputs are concatenated and jointly processed by the network, which outputs
a high-resolution estimate of the clean sample. This setup ensures that every denoising step is explic-
itly guided by the coarse-scale information, while remaining faithful to the iterative generative nature
of diffusion models.

Alternative conditioning mechanisms exist, such as cross-attention, where the low-resolution input
is separately encoded and injected via attention layers, and encoder fusion, where a dedicated encoder
processes the low-resolution field and fuses its features into the denoiser through concatenation or
modulation. In this work, we focus on the effective direct concatenation strategy.
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HRDenoiser

LR

Figure 21: Illustration of a single reverse diffusion step with conditioning. The denoiser receives as
input the noisy sample xt, the conditioning low-resolution field LR, and the variance information αt

(or in a different formulation the timestamp t). It outputs a high-resolution estimate of the added
noise, which is then used to reconstruct the denoised HR sample.

3.8 Loss Functions and Optimization Objectives
The choice of loss function is central to the training of super-resolution models: it defines the opti-
mization objective, determines what aspects of the prediction are prioritized, and ultimately guides the
learning dynamics of the network. Loss functions are typically computed between the ground-truth
high-resolution (HR) field y and the model prediction ŷ, and may be designed to penalize pixel-wise
discrepancies, structural differences, perceptual qualities, or physical inconsistencies.

For training super-resolution models, the standard choice is to minimize error metrics between the
ground truth and the prediction. The most common are the mean squared error (MSE), mean absolute
error (MAE):

LMSE = 1
N

N∑
i=1

(yi − ŷi)2
, (39)

LMAE = 1
N

N∑
i=1
|yi − ŷi| , (40)

(41)

These metrics are straightforward to compute and perform effectively in training models. Among
them, MSE is particularly popular: by squaring the errors it penalizes large deviations more strongly,
which stabilizes optimization but also leads to oversmoothing, a well-known limitation in imaging
tasks. MAE, in contrast, is less sensitive to outliers but often results in slightly slower or less stable
convergence. In practice, most architectures, ranging from MLPs and CNNs to U-Nets, vision trans-
formers, and even diffusion models, are trained using either MSE or MAE as their primary optimization
objective.

Beyond pixel-wise errors, perceptual metrics attempt to capture the similarity in terms of structure
and texture. The Structural Similarity Index (SSIM) is a prominent example. For two image patches
y and ŷ, SSIM is defined as

SSIM(y, ŷ) = (2µyµŷ + C1)(2σyŷ + C2)
(µ2

y + µ2
ŷ + C1)(σ2

y + σ2
ŷ + C2) , (42)

where µy and µŷ are the mean intensities of y and ŷ, σ2
y and σ2

ŷ are their variances, σyŷ is the covariance,
and C1, C2 are small constants to stabilize the division. As a loss function, it is typically written as

LSSIM = 1− SSIM(y, ŷ). (43)

While SSIM has proven highly effective in computer vision for capturing perceptual quality, its ap-
plication in climate downscaling remains limited, as it emphasizes structural similarity over physical
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consistency. Other perception-based losses, such as the Learned Perceptual Image Patch Similarity
(LPIPS), employ deep feature embeddings from pretrained networks. These are rarely used in cli-
mate applications, since they optimize for visual fidelity rather than physical correctness, but remain
effective in selected applications.

In practice, pixel-wise metrics such as MAE ensure fidelity at the grid-cell level but may fail to
capture general structures, while perceptual metrics such as SSIM emphasize global patterns but can
overlook exact numerical accuracy. In some cases, a combined loss is used to balance these aspects,
for example a combination of MAE and SSIM:

L = λLMAE + (1− λ)LSSIM, (44)

with λ ∈ [0, 1] controlling the trade-off. Such hybrid formulations increase the complexity of the
optimization landscape and are not always beneficial, but they may help if a model struggles to
improve under a single objective.

Most super-resolution models are trained to directly predict the HR field ŷ. An alternative formula-
tion is residual learning, already introduced in Section 3.2.7, where the model estimates the difference
between the HR and the low-resolution (LR) input xLR:

Lresidual = ℓ
(
(y − xLR), fθ(xLR)

)
. (45)

This reduces the problem to modeling fine-scale corrections, which can be advantageous when compu-
tational resources are limited or when the residual signal is easier to learn than the full mapping.

Architecture-specific losses. The choice of loss function is also influenced by the architecture of
the generative model. In the case of generative adversarial networks (GANs), training is formulated as
a minimax game between a generator G and a discriminator D. The discriminator learns to distinguish
real samples y from generated ones G(x), while the generator is optimized to produce outputs that
fool the discriminator. This yields adversarial losses of the form

LG = E
[

log(1−D(G(x)))
]

+ αLperceptual, (46)
LD = −E

[
log D(y)

]
− E

[
log(1−D(G(x)))

]
, (47)

where the generator loss is often augmented with perceptual or pixel-wise terms to stabilize training.
Diffusion models adopt a very different training paradigm. Instead of fooling a discriminator, the

model is trained to reverse a forward corruption process that gradually adds noise to the data. The
standard objective is to predict the Gaussian noise ϵ injected at a given timestep t:

Ldiffusion = Ex,t,ϵ

[
∥ϵ− ϵθ(xt, t, c)∥2], (48)

where xt is the noisy sample, ϵθ is the model prediction, and c denotes the low-resolution field con-
ditioning. This formulation reduces to a simple mean squared error between the true and predicted
noise, which explains why diffusion models, despite their complexity, are often optimized with the same
basic objectives as CNNs or transformers.

Multi-task losses. In some settings, the network is trained to solve more than one task simulta-
neously. For example, in addition to predicting the high-resolution field, the model may be asked
to predict multiple fields or estimate derived quantities such as anomalies, gradients, or physical in-
dices. This setting requires a multi-task loss, typically formulated as a weighted sum of individual task
objectives:

Lmulti =
K∑

k=1
λk Lk, (49)

where each Lk corresponds to the loss associated with task k, and λk is a weight that balances their
contributions. Choosing appropriate weights is non-trivial: manual tuning is common, but adaptive
weighting schemes based on task uncertainty or gradient magnitudes have also been proposed. In
climate downscaling, multi-task objectives can be used to ensure that fine-scale reconstructions are
not only visually accurate but also consistent with derived physical properties of the atmosphere.
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Physics-informed losses. In some downscaling applications it is desirable to incorporate domain
knowledge directly into the optimization. Physics-informed losses may penalize violations of conserva-
tion laws (e.g. energy, mass, momentum), spectral mismatches (e.g. differences in power spectra), or
errors in derived physical indices. Such formulations remain an active research area, as they encourage
models not only to match observations but also to respect fundamental physical constraints.

In addition to data-driven losses, one can introduce physics-informed losses that penalize violations
of known physical relationships. These are implemented as soft constraints: instead of enforcing the
physical law exactly, a penalty term is added to the loss function, weighted by a parameter that controls
its influence.

An example is water conservation during spatial upscaling, relevant for fields such as precipitation
or soil moisture. Let x be the low-resolution (LR) value of a grid cell, representing the average water
content over its area, and let {yi}n

i=1 denote the corresponding n high-resolution (HR) sub-cells. Ideally,
the fine-scale predictions should preserve the total water mass, meaning their average equals the LR
value:

1
n

n∑
i=1

yi = x. (50)

To encourage this, a physics-informed penalty can be added to the training objective:

Lphys =
(

1
n

n∑
i=1

ŷi − x

)2

, (51)

which is then combined with the standard data loss (e.g. MSE or MAE):

L = (1− α)Ldata + αLphys, α ∈ [0, 1]. (52)

Here α is a hyperparameter that balances fidelity to observations against conservation. Larger values
of α reduce water mass violation but can make optimization more difficult or slightly degrade metrics
such as RMSE or SSIM.

The same principle can be applied to other balance laws, for instance energy fluxes, column-
integrated water vapor, or momentum budgets, by tailoring Lphys to the relevant physical constraint.

Research on physics-informed and hybrid modeling is rapidly expanding, encompassing a variety of
approaches. While these methods represent a promising path toward physically consistent downscaling,
their exploration lies beyond the scope of this thesis, which instead focuses on data-driven models
optimized purely through error or perceptual metrics.

3.9 Training Setup and Evaluation Strategy
The design of training and evaluation procedures in deep learning is inherently problem-dependent:
different applications, models, and goals may require different approaches. The purpose of this section
is therefore not to provide a definitive recipe, but rather to outline the general practices and principles
followed throughout this thesis. The specific adaptations, tailored to the tasks considered, will be
presented in greater detail in the individual papers and application chapters. In particular, the paper
reported in Section 6 will delve into the requirements needed to assure fair comparison and effective
training among different models. Within this general overview several common elements are worth
highlighting, including the choice of optimizer, the scheduling of the learning rate, regularization and
stability techniques, checkpointing strategies, and the evaluation protocol, as summarized in Table 9.

Optimizers are typically chosen among Adam and AdamW, which provide stable convergence with
minimal tuning. In the case of AdamW, weight decay plays an important role in regularization; a
common heuristic is to set it to approximately one order of magnitude smaller than the learning rate.
Alternatives such as SGD with momentum or RMSProp are available but are less frequently employed
in generative and downscaling settings.

Learning rate scheduling is another key component. Adaptive schemes such as ReduceLROnPlateau
automatically lower the learning rate when the validation loss stagnates, but they can be unreliable
if validation curves are noisy. A more controlled approach is manual scheduling: training begins with
a relatively high learning rate (e.g. 10−4) to encourage fast convergence, which is later reduced (e.g.
10−5) once progress slows. This two-stage regime is simple, effective, and easy to reproduce. More
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advanced alternatives, such as cosine annealing or warm restarts, exist but are not essential in the
present setup. To improve stability, gradient clipping may be applied to prevent exploding gradients,
especially in adversarial contexts such as GAN training.

Batch size is determined by hardware constraints: larger batches provide more stable gradients
but require greater memory, normalization techniques such as group normalization can improve the
effectiveness of low-batch training regimes. During training, model checkpoints are saved either by
overwriting the best-performing model according to the validation metric, or by storing multiple snap-
shots at fixed intervals to provide flexibility when selecting the final model.

Aspect Options
Optimizer Adam, AdamW, SGD with momentum, RMSProp

(Adam/AdamW most common)
Learning rate schedule Reduce on Plateau, manual scheduling, cosine an-

nealing, warm restarts
Regularization /
stability

Weight decay, gradient clipping, dropout, normaliza-
tion strategies (batch/group), batch size tuning

Checkpointing Save best model by validation metric, periodic snap-
shots, hybrid strategies

Evaluation Training/validation curves, held-out data, non-
overlapping time splits (for temporal data), report-
ing metrics (RMSE, MAE, SSIM, PSNR, bias), se-
lection metrics (MSE), multiple runs for robustness

Reproducibility Fixed random seeds, dataset/code versioning, exper-
iment logging (TensorBoard, callbacks)

Table 9: Overview of common design choices for training and evaluation

Evaluation is carried out systematically. Training and validation curves are inspected to ensure
smooth convergence, with overfitting typically diagnosed by a growing gap between training and val-
idation loss. Validation is always performed on data excluded from training. In the case of temporal
datasets, non-overlapping time segments are used to avoid leakage and to mitigate confounding long-
term trends such as climate change. Evaluation metrics are separated into two categories: those used
for reporting (e.g. RMSE, MAE, SSIM, PSNR, and bias statistics) and those used for model selection
(commonly a single validation score such as MSE). To account for stochastic variability due to random
initialization and mini-batch sampling, if the available resource are sufficient multiple independent
runs are compared, which can help distinguish genuine differences from random fluctuations.

Finally, reproducibility is ensured by fixing random seeds across libraries and maintaining consistent
dataset and code versioning. Logging frameworks such as TensorBoard, combined with training call-
backs, facilitate detailed monitoring of experiments and support systematic comparison across models
and runs.

3.10 Libraries and Hardware Requirements
In practice, implementing complex neural architectures requires relying on dedicated frameworks that
provide a higher level of abstraction. At their core, these frameworks are automatic differentiation
libraries: they allow the forward pass of a model to be written in a natural way while automatically
tracking operations and computing gradients for backpropagation. This is necessary for two main
reasons. First, building models directly from basic mathematical operations would be prohibitively
difficult and error-prone. Second, modern deep learning depends on efficient use of parallel hardware,
primarily GPUs, which requires optimized low-level interfaces that are not practical to manage man-
ually. A handful of frameworks are available to fulfill this role, most prominently TensorFlow, Keras,
and PyTorch. Each offers distinct strengths and trade-offs, reflecting different priorities such as ease of
use, research flexibility, or large-scale deployment. In this thesis, most models are implemented using
the TensorFlow/Keras framework.
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3.10.1 Deep Learning Frameworks

Tensorflow. TensorFlow is an open-source deep learning framework developed by Google, designed
to support the entire machine learning workflow from research to large-scale deployment. Its core
abstraction is the computational graph, which enables efficient execution and optimization of numer-
ical operations across CPUs, GPUs, and TPUs. By default, TensorFlow evaluates operations eagerly
in a Pythonic and imperative style, which makes model development and debugging straightforward.
For performance-critical workloads, functions can be compiled into optimized static graphs using the
@tf.function decorator. These graphs allow TensorFlow to apply kernel fusion, scheduling optimiza-
tions, and efficient execution on heterogeneous hardware. Further acceleration is available through
the XLA (Accelerated Linear Algebra) compiler, which performs just-in-time compilation to reduce
memory overhead and improve throughput. Beyond the computation engine, TensorFlow includes
tools for dataset management (tf.data), visualization and profiling (TensorBoard), distributed and
multi-GPU training, and deployment pipelines (TensorFlow Lite for mobile devices and TensorFlow
Serving for production environments). Modern TensorFlow is now also highly integrated with Keras,
which serves as an abstraction layer providing standard layer designs, model-building interfaces, and
training utilities; Keras will be described in more detail in the following section. Together, these fea-
tures make TensorFlow a versatile and widely adopted framework that bridges rapid prototyping and
production-scale machine learning.

import tensorflow as tf

model = tf. keras . Sequential ([
tf. keras . layers . Dense (32 , activation ="relu"),
tf. keras . layers . Dense (1)

])

optimizer = tf. keras . optimizers .Adam ()
loss_fn = tf. keras . losses . MeanSquaredError ()

for x, y in dataset :
with tf. GradientTape () as tape:

y_pred = model (x, training =True)
loss = loss_fn (y, y_pred )

grads = tape. gradient (loss , model . trainable_variables )
optimizer . apply_gradients (zip(grads , model . trainable_variables ))

Listing 1: TensorFlow model definition and training loop

In TensorFlow, models can be constructed by composing predefined layers from tf.keras.layers,
which implement common building blocks such as dense layers, convolutions, and activations. Training
relies on TensorFlow’s automatic differentiation system, which tracks all tensor operations. The central
interface for this is tf.GradientTape, a context manager that records the forward pass and allows
gradients to be computed automatically with respect to trainable variables. Once the loss has been
evaluated, gradients are obtained through tape.gradient and applied to the model parameters with
optimizer.apply gradients. This explicit loop structure—forward computation, loss evaluation,
gradient calculation, and parameter update—forms the basis of most custom training routines in
TensorFlow. A minimal example of this workflow is shown in Listing 1.

Keras. Keras is a high-level deep learning API that was historically tied to the TensorFlow frame-
work but can also be used on top of other automatic differentiation libraries, including PyTorch and
JAX. It provides a user-friendly interface for model design and training, guided by the principles of
simplicity, modularity, and rapid experimentation. This makes it particularly well suited for research
and fast prototyping. Keras offers multiple modeling paradigms: the Sequential API for straightfor-
ward layer stacks, the Functional API for constructing flexible directed acyclic graphs of layers, and
the Subclassing API for defining fully custom models and training loops. Beyond a large library of
standard layers, losses, and optimizers, Keras also includes utilities for data preprocessing, callbacks
for logging and checkpointing, and integration with TensorBoard. While prioritizing ease of use, Keras
remains fully compatible with lower-level operations, enabling researchers to extend or customize any
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component when needed. This combination of accessibility and extensibility has made Keras one of
the most widely adopted deep learning interfaces in both academic and industrial contexts.

In Keras, models are typically defined by composing standard layers such as dense, convolutional,
or trasformer layers. The simplest approach is the Sequential API, which allows stacking layers in a
linear order, while the Functional and Subclassing APIs are available for more flexible designs. Once
a model is defined, it is compiled by specifying the optimizer, loss function, and evaluation metrics,
after which training can be launched with a single call to model.fit(). This high-level interface
abstracts away the details of the training loop (handling batching, shuffling, validation, and logging
automatically) while still relying on the underlying engine for differentiation and GPU acceleration.
A minimal example of this workflow is shown in Listing 2.

import keras

model = keras . Sequential ([
keras . layers . Dense (32 , activation ="relu", input_shape =(10 ,)),
keras . layers . Dense (1)

])

model . compile ( optimizer ="adam", loss="mse")
model .fit(x_train , y_train , epochs =5, batch_size =32)

Listing 2: Keras model definition and training loop

Aspect TensorFlow/Keras PyTorch
Execution
model

Default eager execution (since TF 2.x)
with option to compile into static
graphs using @tf.function; XLA JIT
compiler for further optimization.

Dynamic computation graph by de-
fault, with TorchScript for graph com-
pilation and deployment.

High-level
API

Keras: user-friendly, modular, with
Sequential, Functional, and Subclass-
ing APIs tightly integrated into Ten-
sorFlow.

Native torch.nn.Module class struc-
ture; ecosystem libraries (PyTorch
Lightning, Hugging Face Accelerate)
provide higher-level abstractions.

Distributed
training

tf.distribute strategies: Mirrored-
Strategy, MultiWorkerMirroredStrat-
egy, TPUStrategy; seamless with
model.fit().

torch.distributed with
NCCL/Gloo/MPI backends;
DistributedDataParallel as stan-
dard; strong ecosystem support
(Lightning, DeepSpeed, Accelerate).

Ease of
prototyping

High, Keras abstracts much boiler-
plate, good for fast experimentation,
but may require @tf.function for
performance.

Very high, imperative style is coher-
ent with python, most models behave
similarly

Production
deployment

Strong, TensorFlow Serving, Tensor-
Flow Lite, TFX pipelines; wide adop-
tion in industry and cloud.

Improving, TorchServe, ONNX ex-
port, but historically less mature than
TensorFlow in production environ-
ments.

Community
and adoption

Large community; dominant in indus-
try, strong Google ecosystem integra-
tion (TPUs, cloud).

Extremely popular in academia and
open research; many state-of-the-art
models first appear in PyTorch.

Table 10: Comparison of TensorFlow/Keras and PyTorch

PyTorch. PyTorch is an open-source deep learning framework originally developed by Facebook’s
AI Research (FAIR) group and released in 2016. It has become one of the most widely adopted
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frameworks in the research community, largely due to its dynamic computation graph, which allows
operations to be executed immediately in an imperative style. This design makes model development
and debugging highly intuitive, while still supporting high-performance execution on GPUs via CUDA.
PyTorch provides flexible abstractions for tensors, automatic differentiation, and neural network mod-
ules, enabling both rapid prototyping and the construction of complex architectures. Its ecosystem
includes libraries for distributed and large-scale training (torch.distributed), model deployment
(TorchScript, ONNX), and specialized domains such as natural language processing (TorchText), com-
puter vision (TorchVision), and audio (TorchAudio). Although TensorFlow remains dominant in large-
scale production environments, PyTorch is often preferred in academic research for its flexibility and
ease of use, and many state-of-the-art models, including those in generative modeling, are first imple-
mented in PyTorch before being ported elsewhere.

From a syntax point of view, in PyTorch models are defined by subclassing nn.Module, which
provides a structured way to organize layers and parameters. A broad collection of standard com-
ponents, such as linear layers, convolutions and loss functions are included in the torch.nn library,
enabling models to be assembled from reusable building blocks. Training leverages PyTorch’s auto-
matic differentiation engine, autograd, which records all operations in the forward pass. Once the loss
is computed, calling loss.backward() automatically propagates gradients through the computational
graph, and parameters are updated using optimizer.step(). Gradients are typically cleared at the
beginning of each iteration with optimizer.zero grad() to prevent accumulation across batches. A
minimal example of this workflow is shown in Listing 3.

import torch
import torch .nn as nn
import torch . optim as optim

class SimpleNet (nn. Module ):
def __init__ (self):

super (). __init__ ()
self.fc1 = nn. Linear (10 , 32)
self.fc2 = nn. Linear (32 , 1)

def forward (self , x):
return self.fc2( torch .relu(self.fc1(x)))

model = SimpleNet ()
optimizer = optim .Adam( model . parameters ())
criterion = nn. MSELoss ()

for x, y in dataloader :
optimizer . zero_grad ()
y_pred = model (x)
loss = criterion (y_pred , y)
loss. backward ()
optimizer .step ()

Listing 3: PyTorch model definition and training loop

3.10.2 Distributed and Multi-GPU Training

Efficient use of GPUs is fundamental for training deep learning models. However, as model size and
dataset complexity increase, a single GPU often becomes a limiting factor. Scaling to multiple GPUs
is therefore essential. Broadly speaking, two levels of parallelism can be distinguished: multi-GPU
training on a single node, and distributed training across multiple nodes, each equipped with several
GPUs. Both TensorFlow and PyTorch provide built-in strategies and external libraries to support
these scenarios, enabling users to extend training seamlessly from one device to large-scale clusters.
Specifically, tensorFlow offers a rich set of strategies for distributed and multi-GPU training through
its tf.distribute API. The most commonly used is MirroredStrategy, which replicates a model across
multiple GPUs on a single machine and performs synchronous gradient updates, providing efficient
data parallelism. For larger setups, MultiWorkerMirroredStrategy extends this approach to multiple
nodes. TensorFlow also supports parameter-server strategies and asynchronous updates for workloads
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that benefit from greater flexibility. These distribution mechanisms integrate with the model.fit()
training loop in Keras, but can also be combined with custom training loops for finer control. Mixed-
precision training is natively supported, reducing memory usage and accelerating computations on
modern GPUs and TPUs. Also pyTorch provides extensive support for distributed and multi-GPU
training. At its core, the torch.distributed package implements communication primitives based on
backends such as NCCL, Gloo, and MPI, allowing efficient data exchange between GPUs and across
nodes. The most widely used abstraction is DistributedDataParallel (DDP), which replicates the
model across multiple devices and synchronizes gradients during backpropagation, offering near-linear
scaling for many workloads. For simpler setups, torch.nn.DataParallel allows multi-GPU training
on a single machine, though it is generally less efficient than DDP. PyTorch also integrates with
higher-level libraries such as PyTorch Lightning, Hugging Face Accelerate, and DeepSpeed, which
provide streamlined interfaces for distributed strategies, mixed-precision training, and large model
optimization. Keras, as a multi-backend API, can in principle rely on the distributed strategies of its
underlying engines such as TensorFlow or PyTorch. In practice, however, the TensorFlow integration is
far more mature and offers straightforward configuration, making it the dominant choice for multi-GPU
and distributed training with Keras.

3.10.3 Hardware

The training of deep learning models for downscaling is fundamentally dependent on GPU acceleration.
In practice, most experiments rely on NVIDIA GPUs with CUDA support, which remain the dominant
ecosystem for machine learning frameworks. Alternatives do exist, such as Apple Silicon accelerators
or GPUs from other vendors, but they are less commonly used in research workflows. Even a single
workstation equipped with one or a few GPUs can be sufficient to train moderately complex models
or to prototype new approaches effectively. Large-scale applications, however, often require access
to high-performance computing (HPC) infrastructure and the use of distributed training strategies.
Supercomputers such as Leonardo [TAC23], with thousands of nodes and four high performance GPUs
per node, enable the training of models on vast datasets and at resolutions beyond the capabilities of
local machines. Besides raw compute, sufficient high-speed storage and memory bandwidth are also
essential, since downscaling datasets can be terabytes in size and model training requires rapid data
throughput.
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4 Paper I: Wind speed super-resolution and validation, from
ERA5 to CERRA via diffusion models

Abstract

The Copernicus Regional Reanalysis for Europe, CERRA, is a high-resolution regional reanaly-
sis dataset for the European domain. In recent years, it has shown significant utility across various
climate-related tasks, ranging from forecasting and climate change research to renewable energy
prediction, resource management, air quality risk assessment, and the forecasting of rare events,
among others. Unfortunately, the availability of CERRA is lagging two years behind the current
date, due to constraints in acquiring the requisite external data and the intensive computational
demands inherent in its generation. As a solution, this paper introduces a novel method using
diffusion models to approximate CERRA downscaling in a data-driven manner, without additional
information. By leveraging the lower resolution ERA5 dataset, which provides boundary condi-
tions for CERRA, we approach this as a super-resolution task. Focusing on wind speed around
Italy, our model, trained on existing CERRA data, shows promising results, closely mirroring the
original CERRA. Validation with in-situ observations further confirms the model’s accuracy in
approximating ground measurements.

4.1 Introduction
The first paper of this thesis focuses on the application of neural super-resolution methods to the
downscaling of reanalysis data. Specifically, we investigate several architectures, including CNNs,
GANs, Transformers, and diffusion models, for downscaling wind speed from ERA5 to CERRA. These
architectures have been previously introduced and analyzed in Section 3. As discussed in Section 2,
deep learning has enabled substantial progress in super-resolution across multiple domains, yet no
single architecture has emerged as the optimal choice in meteorology. In this work, we assess not
only their relative performance but also the broader feasibility of neural networks as a data-driven
alternative to physics-based downscaling. Among the tested models, a conditioned diffusion approach
achieves the best overall performance.

(a) ERA5 (b) CERRA

Figure 22: Comparison of wind speed over Italy between ERA5 and CERRA

In this paper, we focus on two reanalyses, ERA5 and CERRA, which have been introduced in
Section 2.1. Traditional reanalysis downscaling relies on physics-based models such as HARMONIE,
which are computationally intensive and depend on multiple external data sources. These requirements
contribute to substantial publication delays: at the time of writing, CERRA is more than two years
behind ERA5, limiting its usefulness for the study of recent events. Such delays have been particularly
problematic in cases like the May 2023 Emilia-Romagna floods and the November 2023 Storm Ciarán,
where timely access to high-resolution reanalysis would have supported faster scientific assessment.

In this study, we aim to demonstrate the general feasibility of neural super-resolution for data-driven
downscaling. Using ERA5 as input and CERRA as reference, we focus on wind speed over Italy, train-
ing a conditioned diffusion model and benchmarking it against alternative architectures. Additionally,
validation with in-situ observations ensures correspondence with ground truth measurements.
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The main contributions of this paper are: (i) demonstrating that neural methods can effectively
approximate physics-based downscaling, (ii) establishing a benchmark comparison of state-of-the-art
architectures for this task, (iii) showing that ensemble diffusion models outperform other approaches,
and (iv) releasing an approximated CERRA dataset for recent years where no official data are yet
available. These results establish both the feasibility and the added value of neural downscaling, and
provide the foundation for the subsequent studies presented in this thesis.

4.2 Methodology
In this section we provide a detailed exposition of our diffusion technique applied to super-resolution
in statistical downscaling, which includes a comprehensive validation component. Our discussion
begins with an overview of the preliminary steps required to prepare our case study, including the
harmonization of features from various datasets. We then offer a detailed exploration of our primary
and most effective model, the diffusion model. Following this, we compare the diffusion model with
other super-resolution approaches to highlight relative strengths and weaknesses. Next, we outline
the validation methods employed to ensure the accuracy of our model’s output against real-world
measurements. Lastly, we evaluate our results and provide an in-depth analysis of our findings.

Figure 23: Selected area for our study, delimited by the following geographical coordinates: North at
47.75°, South at 35°, East at 18.75°, and West at 6°.

4.2.1 Data Selection & Preprocessing

In this section, we analyze the essential preprocessing steps required for defining the downscaling
process from ERA5 to CERRA. Both ERA5 [HBB+18] and CERRA [SRLM+21] are freely available
from the Copernicus Program [Cop23] website.

In our study, we have chosen to concentrate on the meteorological variable of wind speed. Several
factors influenced this decision. Firstly, we aimed to simplify our experimental framework by focusing
on a single variable. We selected wind speed because, compared to variables like rainfall, it is more
physically self-contained and thus easier to analyze in isolation. Additionally, wind speed holds signif-
icant societal relevance, particularly in the context of extreme weather events and its implications for
energy generation in wind farms.

We utilized wind speed at 10 meters above the surface. In the case of CERRA wind speed is already
included as a main variable, while for ERA5 we computed it from both the zonal u and the meridional
v wind components by

√
u2 + v2. The utilized values are instantaneous.

For our analysis, we extracted a specific region from the ERA5 dataset, delimited by the following
geographical coordinates: North at 47.75°, South at 35°, East at 18.75°, and West at 6°. This targeted
extraction ensures a focused study area for our research. This area coincides with a square containing
Italy, Switzerland, Slovenia and partially Tunisia, Algeria, France, Austria, Croatia, Hungary, Bosnia
& Erzegovina and Montenegro, as shown in Figure 23.
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As mentioned in Section 2.1.2, ERA5 and CERRA have different projection mechanism, with ERA5
using a cylindrical projection and CERRA a Lambert Conformal Conic projection. Given that our
study area is located at mid-latitudes, where distortions in cylindrical projections are relatively mini-
mal, we chose to equalise the two projections by re-projecting CERRA using a cylindrical projection
consistent with ERA5. The projection was realized utilizing the CDO [Sch23] library.

CERRA provides data samples with a 3-hour temporal resolution, whereas ERA5 offers an hourly
resolution. To align these datasets, we extracted ERA5 measurements corresponding to the times
00:00, 03:00, 06:00, 09:00, 12:00, 15:00, 18:00, and 21:00, matching CERRA’s schedule. Our training
set encompasses data from 2010 to 2019. For testing purposes, we selected the years 2020 and 2009.
The choice of non-contiguous test years is motivated by aiming to widen our evaluation range and the
availability of in-situ observations for validation.

The training sets for both ERA5 and CERRA have been normalized to a range between 0 and 1,
with each entry being divided by the maximum value within its respective dataset. Similarly, the test
sets for each dataset have been normalized using the same maximum value as determined from their
corresponding training sets.

Figure 24: The downscaling diffusion process utilize as input a set of low resolution images. For
predicting the high resolution image at time t0 the conditioning information include the low resolution
images at times t−6 , t−3, t0, t+3 where each step is 3 hours long.

4.2.2 Diffusion Model Architecture

In this section, we describe our super-resolution diffusion model. This includes an examination of
the super-resolution (SR) framework, the specifics of the conditioning process, ensemble methods, and
various implementation details.

4.2.3 SR framework

As introduced in Section 3.2, super-resolution for neural networks implies the use of some form of
upsampling, which may be implemented in different ways and in different positions within the network.
Generally speaking, we can define two frameworks for SR: pre-upsampling, when the upsampling is
done in the first part of the network, and post-upsampling, when the upsampling part is implemented
at the very end of the network. If the upsampling is performed at the start, the spatial dimension of
the features is increased, usually granting the network better overall performance at the expense of
computational complexity. The first framework is generally used in setting where the main target is
performance, such as SRGAN [WYW+18], the latter is more common in performance-oriented model
such as ESPCN [SCH+16]. For our diffusion model, we opted for a pre-upsampling framework.

The process of upsampling can be executed using various methods. Some methods employ learn-
able parameters, such as transposed convolution, while others, like 2D upsampling or bilinear and
bicubic upsampling, do not use learnable parameters. In our model, we opted for pre-emptive bilinear
upsampling, due to its practicality. Additionally, our experiments with methods involving upsampling
with learnable parameters yielded similar results.

For what concerns the super resolution task setting, we decide to utilize a sequence-to-one approach,
as represented in Figure 24. In this approach, the super resolution model is trained to produce the
high resolution images while having access to multiple timestamps of the low resolution counterpart.

83



256x256x64

256x256x1256x256x4

LR

D
ow

n 
Bl

oc
k

D
ow

n 
Bl

oc
k

D
ow

n 
Bl

oc
k

R
es

 B
lo

ck

U
p 

Bl
oc

k

U
p 

Bl
oc

k

U
p 

Bl
oc

k

LR
noisy
LR

C
on

ca
te

na
tio

n

128x128x128

Sinusoidal Embedding

C
on

nv
ol

ut
io

n

C
on

nv
ol

ut
io

n

denoised
HR

256x256x32

256x256x32

128x128x128

64x64x256 64x64x256

32x32x384

256x256x64

Skip Connections

Figure 25: The denoising U-net employs a conventional architecture, consisting of three downsampling
blocks implementing average pooling, followed by three upsampling blocks using bilinear interpola-
tion. These stages are interconnected through skip connections, and each block incorporates residual
connections.

Specifically, experimental results showed that the optimal sets of conditioning information for the
prediction of the high resolution image at time t0 contains the low resolution images at hours t−6, t−3,
t0, t+3. In our implementation, the main bulk of our data is kept on disk while a data generator feeds
the model the sequences for both training the testing operations, with the first being a random set of
sequences and the second a contiguous set.

4.2.4 Denoising and conditioning

Diffusion models essentially operate as iterative denoising algorithms. Their main trainable component
is the denoising network, denoted as ϵθ(xt, αt). This network receives as input the noisy input, xt, and
a corresponding noise variance, αt, with the objective of estimating the amount of noise infiltrating the
image. The training of this underlying denoising network is done conventionally. An initial sample,
x0, is extracted from the dataset and subjected to a predefined amount of random noise. The network
is then tasked with estimating the noise within these corrupted images.

Our model of choice for the denoising network is the U-net. The U-net is one of the most common
architectures for denoising [GRDA21, LNU+20, HSB18, KG20] and it is often implemented in diffusion
models [DN21]. Originally introduced for semantic segmentation [RFB15a], the U-Net architecture has
gained widespread popularity and found applications in diverse image manipulation tasks. The network
comprises a downsampling sequence of layers, followed by an upsampling sequence while incorporating
skip connections between layers of the same size, as reported in Figure 25. Our implementation employs
bilinear interpolation for the upsampling process and utilizes average pooling for the downsampling
procedure.

The U-Net configuration can be determined by defining the number of downsampling blocks and
the number of channels for each block. The upsampling structure follows a symmetric pattern, and
the spatial dimension is dependent on the number and resolution of the input and output images. Our
U-net utilize 4 downsampling blocks with increasing number of channels, with the number of channels
being 64, 128, 256, 384. With the number of channels increasing as the spatial dimension decrease.
This dimension of U-net proved to be the most effective experimentally, and amounts to around 20
million parameters. To improve the sensibility of the U-net to the noise variance, αt is taken as input,
which is then embedded using an ad-hoc sinusoidal transformation by splitting the value in a set of
frequencies, in a way similar to positional encoding in Transformers [VSP+17b]. The embedded noise
variance is then vectorized and concatenated to the noisy images along the channel axes before being
passed to the U-Net. This helps the network to be highly sensitive to the noise level, which is crucial
for good performance.
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Conditioning of the model is necessary to guide the diffusion towards a forecast defined by the known
previous weather conditions. Our conditioning is applied in a classifier-free manner, by concatenating
the conditioning frames to the noisy images alongside the channel axis. Practically, the model ϵθ(xt, t, c)
takes as input the noisy images xt, which represents the high resolution wind speed at time t0. The
conditioning information c = {w−6, w−3, w0, w+3} contains the low resolution wind timestamps at -6
hours, -3 hours, current time and +3 hours ahead.

The input fed into our denoising U-net consists of four pre-emptively upsampled ERA5 images,
along with a single image that represents the noisy input. This configuration outputs a singular, de-
noised image. Given that the image size is set at 256×256 pixels, the input dimension is structured as
(batch size, 256, 256, 5), while the output dimension is formulated as (batch size, 256, 256). Our im-
plementation directly provides the U-net with the conditioning information, specifically, each temporal
slice in the input data is treated analogously to a color channel in an RGB image.

4.2.5 Ensemble Diffusion

Similarly to [AMP+23], in our work we leverage the ensemble properties of diffusion models. With the
goals of diffusion models being the approximation of the distribution of the training data, it is expected
that our generative outcome is the outcome of a probabilistic point in the data distribution. Thus, it is
common that for diffusion processes with the same conditioning that the results may vary considerable
with different executions. This behaviour of diffusion models may impair the prediction effort, because
a single generation may diverge considerably from the mean of the distribution, producing a convincing
although highly unlikely outcome inside the distribution. A possible solution to this problem lies in
computing the mean of a set of diffusion generations, thus moving our generated image close to the
mean value of the distribution and therefore generating a more probable outcome.

Algorithm 3 Noise Scheduler
1: next noisy images ← initial noise
2: for step in diffusion steps do
3: noisy images ← next noisy images
4: noisy variance ← diffusion schedule(step)
5: pred noise, pred image ← denoising unet(noisy images, noisy variance)
6: next variance ← diffusion schedule(next(step))
7: next noisy images ← pred image + next variance ∗ pred noise
8: end for

In our experiments, we settled for an ensemble numbering 15 executions of the single diffusion
model, with each diffusion being comprised of 5 steps. This combination proved to be the optimal
configuration with respect to our testing years. Unlike [AMP+23], our approach simply calculates
the mean between the predicted instances instead of utilizing a post-processing model; this simpler
approach showed comparable results with a lower computational overhead.

In Figure 26 a general overview of the ensemble architecture for evaluation is reported. Starting
from the left, we showcase that the inputs are the noise and 4 low-resolution conditioning images.
Pre-emptive bilinear upsampling is performed on the low-resolution images before the insertion into
the model. Next, the model performs 5 diffusion steps of sequential denoising, with a noise scheduler
managing the re-addition of the noise and the computation of noise rates. The noise scheduling process
requires the generation of a linear schedule, with denoising operation alternated to re-addition of noise
at a lower rate, as reported in Algorithm 3. This operation is performed 15 times as part of the
ensemble effort, using the same conditioning information but different input noise. The cumulated
outputs are finally combined via a mean operation to produce the downscaled output. This operation
is effectively performed in a parallelized manner with a batch size of 32.

4.2.6 Training and Evaluation

The training procedure of diffusion models, as reported in Algorithm 1, is implemented by randomly
selecting an amount of noise, which is subsequently added to the input images, with the denoising
U-net tasked to denoise the image. For the evaluation phase the process is reversed, applying the so
called reverse-diffusion, as reported in Algorithm 2. The reverse diffusion process involves a sequence
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Figure 26: The super-resolution diffusion framework employs a sequence-to-one strategy, where pre-
upsampling is achieved via bilinear interpolation. The diffusion process comprises five diffusion steps,
using a denoising U-net to progressively denoise the input. A noise scheduler orchestrates this process
as reported in Algorithm 3. This procedure is replicated 15 times, generating an ensemble of potential
super-resolution outcomes. These outcomes are then amalgamated using a mean operation to produce
the final output.

of steps, beginning with the introduction of input noise. This procedure alternates between denoising
steps and re-injection of noise, as depicted in Figure 27. These steps are managed via a noise scheduler,
which dictates a sequence of noise rates following a linear progression. For instance, in a 5-step process,
the noise rates might be set as 1, 0.8, 0.6, 0.4, and 0.2, respectively. The process starts with a denoising
operation at a noise rate of 1, then noise is re-injected at a rate of 0.8, followed by another denoising
step at the same rate, and the pattern continues through the sequence.

Add Noise

Denoise

Figure 27: The reverse diffusion process is a sequential method that involves alternating between
denoising steps and the re-injection of noise, progressively refining the generated image.

Our model is developed using the TensorFlow/Keras framework. We trained the model on data
from 2010 to 2019, and tested it on data from 2009 and 2020, which allowed us to verify its performance
across time periods before and after our training years. The training employs a data generator for
efficient handling of training batches, creating custom sequences on the fly, and uses memory mapping
to load only the necessary data into RAM. The selection of data batches is randomized over the ten-
year training period. The training was conducted in batches of 8 over 200 epochs, using the AdamW
optimization algorithm. To optimize training, we implemented a callback function that adjusts both
the learning rate and weight decay. The learning rate starts at 1e-04 and is gradually reduced to 1e-05,
while weight decay starts at 1e-05 and decreases to 1e-06. The training loss, coherently with most
diffusion model implementation utilized MAE computed on the noise differences. In the evaluation
phase, we employed a generator to produce continuous sequences for each testing year. We configured
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the batch size to be 32. Taking into account the 3-hour time resolution, this approach resulted in
batches representing 96-hour (4-day) periods.

4.2.7 Model Comparison

In our work, we selected a set of well known neural models to compare our diffusion architecture
with. Our selection include, Efficient Sub-Pixel Convoluted Neural Network (ESPCNN) [SCH+16],
Enhanced Deep Super-Resolution Network (EDSR) [LSK+17], the residual U-net, Super-Resolution
Generative Adversarial Network (SRGAN) [LTH+17], Vision Transformer (ViT) [DBK+20] and Swin
Transformer with Long Short-Term Memory (SwinLSTM) [TLZT23].

Parameters and execution times

Model Parameters (M) Time (s)

ESPCNN[SCH+16] 0.72 23
EDSR[LSK+17] 2.17 29
SRGAN[LTH+17] 4.31 63
ViT[DBK+20] 23.23 69
SwinLSTM[TLZT23] 3.41 134
U-net[RFB15a] 19.97 246
Single Diffusion 19.97 385
Ensemble Diffusion 19.97 7281

Table 11: Comparative analyses of the tested models, including the number of parameters (millions)
and the execution time (seconds) for the computation of one year of data.

ESPCNN is a well known neural architecture for super-resolution, which utilize sub-pixel convolu-
tion as a form of efficient post-upsampling at the very end of the network. This design choice enables
the convoluted portion of the network to function at a lower resolution feature dimension, significantly
enhancing the network’s efficiency. As a result, ESPCNN maintains a low parameter count, making
it not only resource-efficient but also faster in processing. This efficient architecture ensures that ES-
PCNN delivers high-quality super-resolution images while requiring fewer computational resources, a
key advantage in practical applications.

The Enhanced Deep Super-Resolution Network (EDSR) is a well known architecture in the realm
of super-resolution, renowned for its versatility and effectiveness across a broad spectrum of tasks.
EDSR architecture is distinguished by its assembly of multiple residual blocks. A key innovation in
EDSR is its use of constant scaling layers, which replace the traditional batch normalization layers.
EDSR’s design, focused on optimizing image detail and quality, has solidified its status as a top-tier
solution in the ever-evolving field of super-resolution technology.

The residual U-net is a U-net implementation which is internally used by the diffusion model to
perform the denoising part. The network utilize residual blocks and implements downscaling via aver-
age pooling and upsampling via interpolative resizing. It also excels as a standalone super-resolution
model. Its effectiveness in this setting is noteworthy, providing an effective benchmark against the
diffusion model. This comparison is particularly significant due to the architectural parallels and sim-
ilarities in parameter count between the two models. Such shared characteristics allow for a more
accurate understanding of their respective strengths and capabilities in the field of super-resolution.

SRGAN [LTH+17] is a renowned method for super-resolution that employs the generative adver-
sarial network (GAN) framework, featuring a generator-discriminator setup engaged in a min-max op-
timization game. GAN-based methods continue to maintain a significant presence in super-resolution
tasks, as evidenced by numerous reviews and challenges, underscoring the necessity of including SR-
GAN in comparative analyses within our research context. The SRGAN study detailed a broad spec-
trum of architectural decisions, with the most prevalent implementation incorporating a perceptual
loss component into the generator’s loss function. However, our experiments indicated that utilizing
a mean squared error (MSE)-based non-perceptual loss, in conjunction with a Patch-GAN [IZZE17]
discriminator, proved to be more efficacious than its perceptual counterpart. This approach enabled
us to obtain optimal performance outcomes.

87



Vision Transformers (ViT) represent a significant advancement in the field of computer vision, pri-
marily by adapting the transformer architecture, which has been highly successful in natural language
processing, to image analysis tasks. Introduced by researchers in 2020 [DBK+20], ViTs approach
image manipulation in a novel way by treating images as sequences of patches, similar to how trans-
formers treat text as sequences of words. This method begins by splitting an image into fixed-size
patches, then linearly embedding each of them, similar to token embedding in NLP. The sequence
of embedded patches, supplemented by a learnable positional encoding, is then processed through a
series of transformer layers. This process allows the model to focus on different parts of the image
and learn contextual relationships between patches, leveraging the self-attention mechanism inherent
to transformers. This process is then followed by a reconstruction structure which reassembles the
patches into an output image. Our implementation utilize a patch size of 8×8, which is projected into
an embedding of 256 float values via a dense layer. We utilize 6 transformer layers in parallel, each
with 12 heads and concatenated outputs. The reconstruction process is implemented via transposed
convolution upsampling alternated with residual blocks.

SwinLSTM [TLZT23] is a state of the art transformer-based architecture that combines the strengths
of Swin Transformer and Long Short-Term Memory (LSTM) networks. This architecture was success-
fully applied to a variety of spatio-temporal prediction tasks, where the model needs to capture both
spatial and temporal dependencies in the data. This can be critical for super-resolution tasks where
the model needs to understand the context and dependencies between pixels or frames. This makes
this transformer based technique especially viable for setting, where using a single low-resolution image
to predict the high-resolution one would not be enough to provide the information necessary to achieve
optimal results.

In Table 11 we report a comparison between the tested models, reporting for each one the number
of parameters and the execution time necessary to compute one year of downscaled data.

Observation from IGRA V2 ERA5 CERRA

Validation Dataset

Time discretization

Surface pressure
selection

Average

Wind speed
calculation

Figure 28: Construction process of the dataset used for the validation of ERA5, CERRA and the
generated data. IGRA V2 observations in the reference period undergo filtering depending on the
reference time and the air pressure value, after which the values selected for an observation at a given
time are averaged and become part of the dataset. At this point, the corresponding values of ERA5
(after calculating the wind speed from the two u and v components) and CERRA are concatenated to
each observation. The same process is implemented for the values resulting from the various generative
models.

4.3 Validation
The validation process utilizes in-situ observations from weather stations as the ground truth against
which the model predictions are evaluated. This process also results in an assessment of the quality
of the reanalysis proposed by ERA5 and CERRA.
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The IGRA V2 dataset provides for each measurement the value of the wind speed at different
pressure levels, where the maximum value coincides with the altitude of the weather station. To remain
consistent with the ERA5 and CERRA data, only the observation with the highest air pressure value
was selected for each measurement.

Since the data available for the other datasets refer to measurements relative to the previous hour
and with 3-hour intervals, the in-situ data considered must also follow a coherent structure. Therefore,
given the irregular timestamp distribution of IGRA data, being mainly concentrated around midnight
and midday, we decided to remove all detections that did not occur in these two time slots. For
what concerns multiple measurements carried out by the same meteorological station during the hour
preceding these two slots, these have been reduced to a single average value and the related timestamp
rounded to the stroke of the following hour.

To allow a spatially coherent comparison we decided to map all the values to the spatial represen-
tation of the in-situ data, in order to keep track of only the values present in ERA5, CERRA and in
the results of the models for which there is a correspondence in the validation dataset, thus greatly
reducing the space required.

The procedure for assembling the validation dataset is described in Figure 28. The obtained dataset
can be used to calculate the difference between the results obtained from the various models used to
approximate CERRA and the ground truth represented by the observations. Although this does not
represent our main objective, this type of analysis also allows us to obtain valuable information on the
performance of ERA5 and CERRA themselves as reanalysis datasets.

4.4 Experiments and Results
In this section, we detail the experiments conducted using the models and data referenced in the
preceding sections and provide an analysis of the results obtained.

For conducting our experiments, we strategically chose two distinct years, 2009 and 2020, as our
testing periods. For both these years, we utilized the lower resolution ERA5 dataset as our conditioning
alongside the CERRA dataset, which acted as our high-resolution ground truth. Additionally, we
leveraged the IGRA V2 in-situ dataset, containing ground-based observations from meteorological
stations, for validating the data generated by our experiments.

The primary objective of our experiment is to evaluate whether a neural-network-based super-
resolution model can effectively replace a traditional downscaling model, like the physics-inspired
HARMONIE model currently employed for the generation of CERRA. A key advantage of our neu-
ral model is its independence from supplementary data requirements, alongside significantly reduced
computational demands. Our comparative analysis studies eight competing neural models: ESPCNN,
EDSR, SwinLSTM, SRGAN, U-net, ViT, Single Diffusion, and Ensemble Diffusion. This general com-
parison includes a variety of models from small, efficient networks all the way to state of the art, high
computational demand approaches. This assessment aims to determine not only the feasibility but also
the relative performance of these neural models in the context of super-resolution tasks for weather
variables.

All the models are trained on a 10-year period with a sequence to one approach, utilizing 4 condi-
tioning low resolution time frames, as described in Section 4.2.1. The models are then evaluated on
the two respective years. A summary of the obtained results is reported in Table 12, where we can
note that all neural models have a considerably better performance with respect to our traditional
downscaling baseline of bilinear interpolation. The model that achieves the best result, coherently for
all three metrics, is Ensemble Diffusion. Ensemble Diffusion in comparison to bilinear interpolation
improves the MSE value from 2.50e-03 to 1.02e-03 and provide respectively a 15% improvement in
PSNR and 20% improvement in SSIM. A set of results for visual inspection is reported in Figure 29.

The data generated through our process underwent validation against in-situ measurements, pro-
viding a crucial comparison to determine if the downscaled version offered tangible improvements over
real-world observations. As indicated in Table 13, the validation confirmed that our downscaled data
align more closely with the actual wind speed measurements in the area, demonstrating enhanced
fidelity.

For our evaluation dataset, we chose the Mean Absolute Error (MAE) as our preferred metric
for assessing errors. We selected MAE due to its tangible physical interpretation; being measured in
meters per second, it provides a clear indication of the magnitude of the error.
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Figure 29: Visual evaluation of super-resolution methods for ten selected samples from the years 2009
and 2020 showcasing different weather conditions, including a Mediterranean cyclone. The comparison
contain all tested neural downscaling methods alongside the CERRA model. Visual evaluation reveals
that U-net, ViT, GAN and Diffusion methods provide the visually best results, with the diffusion
models achieving the higher amount of details. The numerical results reported in Table 12 provide a
more effective comparison of the respective performances.
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Wind speed ERA5 to CERRA Downscaling

Model MSE ↓ PSNR ↑ SSIM ↑

2009

Bilinear 2.50e-03 26.36 0.708
ESPCNN[SCH+16] 1.31e-03 29.11 0.773
EDSR[LSK+17] 1.20e-03 29.48 0.796
SwinLSTM[TLZT23] 1.14e-03 29.70 0.802
SRGAN[LTH+17] 1.10e-03 29.85 0.813
U-net[RFB15a] 1.16e-03 29.65 0.819
ViT[DBK+20] 1.09e-03 29.94 0.822
Single Diffusion 1.18e-03 29.62 0.829
Ensemble Diffusion 1.06e-03 30.11 0.844

2020

Bilinear 2.38e-03 26.67 0.712
ESPCNN[SCH+16] 1.25e-03 29.31 0.775
EDSR[LSK+17] 1.14e-03 29.70 0.797
SwinLSTM[TLZT23] 1.10e-03 29.99 0.804
SRGAN[LTH+17] 1.05e-03 30.07 0.814
U-net[RFB15a] 1.10e-03 29.86 0.820
ViT[DBK+20] 1.05e-03 30.18 0.824
Single Diffusion 1.13e-03 29.84 0.831
Ensemble Diffusion 1.02e-03 30.32 0.845

Table 12: Results comparison for multiple models on wind downscaling for the years 2009 and 2020.

Wind speed validation for the year 2009

Model MAE ↓

ERA5 2.04
CERRA 1.86

Bilinear 1.96
ESPCNN[SCH+16] 1.90
EDSR[LSK+17] 1.92
SwinLSTM[TLZT23] 1.90
SRGAN[LTH+17] 1.86
U-net[RFB15a] 1.88
ViT[DBK+20] 1.86
Single Diffusion 1.90
Ensemble Diffusion 1.86

Table 13: Validation of the results obtained compared to the observations present in the IGRA V2
dataset. The comparison takes into consideration the Mean Absolute Error (MAE), measured in
meters per second, and the Mean Squared Error (MSE) calculated on the in situ observations and
their corresponding values generated by the models or present in ERA5 or CERRA.
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Our validation analysis revealed that CERRA outperforms ERA5 in terms of real-world data cor-
relation, achieving a 8.82% improvement in Mean Absolute Error (MAE). Among the downscaling
models we tested, The Ensemble Diffusion, SRGAN, and ViT methods emerged as the most effective,
demonstrating a performance enhancement of 8.82% over ERA5, which is the same level of perfor-
mance demonstrated by CERRA. These results showcase the capabilities of neural models to effectively
approximate the inner mechanics of state-of-the-art physics inspired model, providing both lower com-
putational costs and avoiding the need for additional information that are often difficult to obtain,
with common delays in the publication of current data. Our validation was possible only for the year
2009, as validation data was not available for the year 2020.

Figure 30: Graph comparison for the SSIM metric of the different tested models. SSIM is calculated
for each batch sequentially in the testing year of 2020, highlighting the variability of performance at
different times of the year.

The Structural Similarity Index (SSIM) is widely acknowledged as a crucial metric for evaluating
super-resolution performance, and we are interested to explore the changes in its performance within
the training year. Figure 30 presents a comparative analysis of SSIM metrics across the various down-
scaling methods for the year 2020. Notably, there is a significant fluctuation in performance throughout
the year. These variations, consistently observed across all models including bilinear interpolation, sug-
gest that temporal weather variations significantly influence the efficacy of the downscaling models.
This consistent trend across different models implies that the performance changes are predominantly
driven by weather-related factors rather than the intrinsic characteristics of the models themselves.

Furthermore, an in-depth geographical analysis of SSIM performance can provide insights into
which areas are harder to effectively downscale. Given that SSIM is calculated over patches, it’s
feasible to compile a comprehensive SSIM output. This output takes the form of a matrix, where
each pixel value denotes the SSIM computed over a window centered on that corresponding pixel in
the input images. In Figure 31, we showcase mean images derived from averaging these full SSIM
matrices for the entire testing years of 2009 and 2020, respectively. These images reveal that coastal
regions typically exhibit higher error rates, with the most pronounced discrepancies observed in the
high Adriatic Sea, the Strait of Messina, and the Ligurian Sea. The results also indicate that the
geographical errors are remarkably similar across the two testing years, suggesting that there has been
no significant change in the error distribution between these comparative periods.

As a final experiment, considering the unavailability of CERRA for the years ranging from 2021
to 2024, we also make publicly available for further studies our computed approximation of CERRA,
computed via Ensemble Diffusion.

4.5 Discussion & Conclusion
In this paper, we successfully employed state of the art super-resolution diffusion models to downscale
wind speed data from ERA5 to CERRA. This approach approximates the existing model used for
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Figure 31: Mean image representing the spatial SSIM error for both testing years of 2009 and 2020,
showcasing the downscaling performance relative to different geographical areas. The similarity in the
results demonstrates that the errors made by the model are consistent with respect to the two years
used for the test.

generating CERRA, but it innovatively does so in a data-driven manner without the need for supple-
mentary data. Our experiment was focused on the Mediterranean area surrounding Italy and utilizing
wind speed as our main weather variable.

Our experiments, conducted over two distinct testing years, demonstrated that the downscaling
computed by our method aligns closely with the outcomes of traditional physics-based models. This
alignment was evident both in the similarity of results and in their concordance with measurements
from ground-based in-situ stations. Among all the models tested, the Ensemble Diffusion approach
achieved the most accurate results. However, it’s noteworthy that even less complex super-resolution
models consistently outperformed basic methods like bilinear interpolation. Our findings reveal the
practicality of using super-resolution diffusion models in providing timely and informative downscaled
data for meteorological studies. Given the significant delays often encountered in downscaled reanalyses
– for example, CERRA’s data lagging over two years behind the current date at the time of this study
– our findings are particularly relevant for the scientific community. These delays typically arise from
the unavailability of additional information needed by physics-based models, which depend on various
sources and are subject to time-consuming computational processes. Our approach, leveraging a neural
model trained on previously generated data, offers a timely alternative for accessing current downscaled
results. This method not only reduces computational costs but also maintains a high quality of
output. Importantly, our model produces data that aligns more closely with actual measurements
than the original low-resolution data, demonstrating its practical potential in enhancing real-time
weather analysis.

In our study, we encountered differing time scales between the high-resolution dataset (CERRA)
and the low-resolution dataset (ERA5). ERA5 offers hourly temporal resolution, whereas CERRA
provides data at a 3-hour resolution. Given that our model can generate sequences conditioned only
on ERA5 data, we can utilize our model to augment the temporal resolution of our downscaled data
to match the temporal resolution of ERA, providing a higher temporal resolution when compared to
the physics-inspired reanalyses model.

Regarding the main limitations of our approach, it’s important to note that our data-driven method
requires pre-existing downscaled data for training, thus relying on already established models. Addi-
tionally, our experiments represent a preliminary phase, focusing solely on a single weather variable
and a relatively limited geographical area. Future developments could encompass a broader range of
weather variables and potentially cover the entire region addressed by CERRA. This expanded scope
could lead to improved results, as the model would gain a more comprehensive understanding of the
weather system with access to diverse meteorological data. Moreover, hardware constraints limited
our training dataset to only 10 years, which is noteworthy given the high quality of our results. In
future research, it would be beneficial to utilize a more extensive dataset, potentially spanning the full
40 years available from CERRA, to enhance the model’s accuracy and predictive capabilities.

In conclusion, our research presents a viable alternative for obtaining downscaled data of current
events. We demonstrate the potential of diffusion models to effectively approximate the processes of
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traditional downscaling models, avoiding delays in data availability. Furthermore, our findings suggest
a promising future for reanalysis models, potentially shifting towards neural network-based approaches
that leverage the advantages identified in this study. This shift could mark a significant advancement
in the field, offering more efficient and accurate ways to handle meteorological data.

94



5 Paper II: Controlling ensemble variance in diffusion models,
an application for reanalyses downscaling

Abstract

In recent years, diffusion models have emerged as powerful tools for generating ensemble mem-
bers in meteorology. In this work, we demonstrate that a Denoising Diffusion Implicit Model
(DDIM) can effectively control ensemble variance by varying the number of diffusion steps. In-
troducing a theoretical framework, we relate diffusion steps to the variance expressed by the
reverse diffusion process. Focusing on reanalysis downscaling, we propose an ensemble diffusion
model for the full ERA5-to-CERRA domain, generating variance-calibrated ensemble members
for wind speed at full spatial and temporal resolution. Our method aligns global mean variance
with a reference ensemble dataset and ensures spatial variance is distributed in accordance with
observed meteorological variability. Additionally, we address the lack of ensemble information in
the CARRA dataset, showcasing the utility of our approach for efficient, high-resolution ensemble
generation.

5.1 Introduction
A critical aspect of generative diffusion is the statistical properties of the generated distribution,
particularly the variance. In this second paper of the thesis, we focus on establishing a theoretical
understanding of how the variance of diffusion ensembles relates to the number of reverse steps, and
on ensuring that its spatial distribution aligns with physical expectations. Although previous works
have already reported a reduction in variability when using fewer diffusion steps [SME22, ND21] to the
best of our knowledge no prior study has systematically examined the relationship between ensemble
variance and the number of diffusion steps.

Building on the previous paper reported in Section 4, we extend the application of diffusion-
based downscaling for wind speed to the full European domain covered by CERRA, and explore the
architectural adaptations required to scale diffusion models to large spatial domains.

In this paper we build upon the diffusion mathematical framework introduced in Section 3.7. Our
analysis begins with a mathematical exploration of the reverse diffusion process, showing that the
variance of ensemble members is directly linked to the choice of diffusion steps. We validate this
relationship in the ERA5-to-CERRA task by comparing diffusion ensembles with the physically based
CERRA-EDA dataset. Our experiments demonstrate that adjusting the number of diffusion steps
provides effective control over the ensemble spread, allowing us to reproduce the magnitude and spatial
structure of variance observed in CERRA-EDA. Finally, we propose a methodology for selecting the
optimal number of diffusion steps in practical applications, and we illustrate its utility by applying it
to the Arctic CARRA dataset, where no ensemble product is available.

In summary, the main contributions of this paper are: (i) extending diffusion-based downscaling
from regional to continental domains, (ii) establishing a theoretical link between diffusion steps and
ensemble variance, (iii) validating this link against the CERRA-EDA ensemble, and (iv) proposing a
methodology to tune diffusion ensembles in domains lacking ensemble products, demonstrated on the
Arctic CARRA reanalysis.

5.1.1 Related Works

A general overview of downscaling methods is provided in Section 2. Here, we focus specifically on
recent developments in generative approaches for ensemble generation, with particular attention to
diffusion-based methods.

In recent years an increasing number of publications have focused on using generative deep learning
architectures for downscaling, taking advantage of the models’ inherently probabilistic nature to gen-
erate ensemble members. In [HMC+22a], the authors extend generative adversarial networks (GANs)
to downscale precipitation forecasts, addressing the challenges of adding fine-scale structure and cor-
recting forecast errors. Using high-resolution radar data as ground truth, the study demonstrates that
GANs and VAE-GANs can produce spatially coherent precipitation maps while maintaining statistical
properties comparable to state-of-the-art post-processing methods. In [LCLG+24], the authors pro-
pose using deep generative diffusion models to emulate and enhance probabilistic weather forecasting.
Learning from historical data, diffusion model generate realistic ensemble forecasts at a fraction of the
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computational cost of traditional physics-based simulations. The generated ensembles replicate the
statistical properties and predictive skill of operational forecasts, while also correcting biases, improv-
ing reliability, and better capturing probabilities of extreme weather events. This scalable approach
has potential applications in both weather forecasting and large-scale climate risk assessment. In
[LSR+22], the authors propose a statistical downscaling method for satellite sea surface wind (SSW)
data using generative adversarial networks (GANs) with a dual learning scheme. The dual learning
approach combines high-resolution SSW reconstruction with degradation kernel estimation in a closed
loop. In [LGG24], the authors propose a cascading deep learning framework based on generative diffu-
sion models for downscaling tropical cyclone (TC) wind fields from low-resolution ERA5 data (0.25°)
to high-resolution observations (0.05°) at 6-hour intervals. The framework consists of a debiasing neu-
ral network to improve wind speed accuracy and a conditional denoising diffusion probabilistic model
(DDPM) for super-resolution and ensemble generation. Applied to 85 TC events, the model achieves
realistic spatial structures, enabling accurate high-resolution TC wind modeling and risk assessment.
In [LGWZN+24a], the authors present a hybrid downscaling framework combining dynamical down-
scaling with generative diffusion models to enhance resolution and improve uncertainty estimates for
regional climate projections. The method uses a regional climate model (RCM) to downscale Earth
System Model (ESM) outputs to intermediate resolution, followed by a diffusion model for further re-
finement. Applied to the CMIP6 ensemble, this approach provides more accurate uncertainty bounds,
lower errors than bias correction and spatial disaggregation (BCSD), and better captures spectra and
multivariate correlations. The framework offers a cost-effective and accurate alternative for downscal-
ing large climate projection ensembles.

5.1.2 Reversed DDIM formulation

In the standard formulation presented in Section 3.7.1, diffusion models are defined with x0 as the
clean data sample and xT as pure Gaussian noise, with the forward process progressively corrupting
x0 → xT and the reverse process reconstructing x0 from xT .

In this paper, we adopt an equivalent but reversed convention, in which the indexing is flipped: xT

denotes the clean sample drawn from the data distribution, while x0 denotes pure noise. This choice
does not alter the underlying theory, the resulting updates are algebraically equivalent to the standard
DDIM formulation, but it simplifies subsequent derivations and notation.

Under the reversed convention, the DDIM forward process is written as a sequence {x0, x1, . . . , xT }
such that xT is clean data and x0 is pure Gaussian noise. A noisy intermediate state xt is expressed
as

xt = √αt xT +
√

1− αt ϵt, ϵt ∼ N (0, I). (53)

Here √αt and
√

1− αt are the signal rate and noise rate, respectively, since they control the relative
contribution of signal and noise at step t (see Section 5.2.1 for details). This is equivalent to the
standard forward relation in Equation 26, with the roles of x0 and xT swapped.

Equation (53) describes how a clean image xT is gradually corrupted into noise x0. To invert this
process, a DDIM trains a neural network ϵθ(xt, t) to approximate the injected noise:

ϵθ(xt, t) ≈ ϵt, ∀t = T − 1, . . . , 0. (54)

For compactness, define
st := √αt, nt :=

√
1− αt.

At step t− 1, we have

xt−1 = st−1xT + nt−1 ϵt−1 =⇒ xT = xt−1 − nt−1 ϵt−1

st−1
. (55)

Substituting this into (53) at time t gives

xt = st

(
xt−1 − nt−1 ϵt−1

st−1

)
+ nt ϵt

= st

st−1
xt−1 +

(
nt − st

st−1
nt−1

)
ϵt + st

st−1
nt−1 (ϵt − ϵt−1). (56)
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In the deterministic DDIM setting (σt = 0), the path term vanishes by enforcing ϵt ≡ ϵt−1 ≡ ϵ̂,
which yields

xt = st

st−1
xt−1 +

(
nt − st

st−1
nt−1

)
ϵ̂. (57)

Re-expressing st, nt in terms of αt leads to the compact update rule

xt =
√

αt

αt−1
xt−1 +

(√
1− αt −

√
αt(1−αt−1)

αt−1

)
ϵ̂, ϵ̂ ≈ ϵθ(xt−1, t− 1). (58)

Starting from x0 ∼ N (0, I) and iterating (58), the process converges to a synthetic sample xT ∼
pgt(xT ). This expression is algebraically equivalent to the standard DDIM update (Equation 29), only
written under the reversed indexing.

A practical property of DDIM is that it allows step skipping. Setting a step-size ∆t ∈ N generalizes
(58) to

xt =
√

αt

αt−∆t
xt−∆t +

(√
1− αt −

√
αt(1−αt−∆t)

αt−∆t

)
ϵ̂, ϵ̂ ≈ ϵθ(xt−∆t, t−∆t). (59)

The case ∆t = 1 recovers the full generative trajectory, while ∆t > 1 reduces the number of iterations
N = T/∆t and accelerates sampling, typically at the expense of output fidelity. This trade-off is
particularly relevant for high-dimensional data or large denoisers, where the computational cost per
step is substantial.

5.1.3 Notations

Throughout this article, we will make use of some notations, which we report here for completeness. In
particular, we use lower-case non-bold latin characters to indicate scalar values, lower-case bold latin
characters to indicate vectors, and upper-case bold latin characters to indicate matrices. Moreover, we
will denote as 0, 1 the vector of all zeros and all ones, respectively, and as I the identity matrix. If x
and y are two vectors with the same dimension, then x ≥ y means that xi ≥ yi for every i. The data
is therefore assumed to be a vector of dimension n, which corresponds to the flattened version of the
(S ×M × h × w)-dimensional array if it is indicated with a lowercase bold letter, while it is treated
as a tensor if indicated with an uppercase bold letter. For example, if X ∈ RS×M×h×w represents the
usual tensor-shaped dataset with S datapoints, M channels, and spatial dimension h×w, then x ∈ Rn

represents its flattened version, with n = S ·M · h · w.

5.1.4 Data

Our task involves using the global reanalyses ERA5 [HBB+20] as the low-resolution input to condition
our model in predicting a high-resolution downscaled counterpart, trained on the regional reanalyses
CERRA [RBLM+24]. The resulting ensemble members are validated against CERRA-EDA, an en-
semble version of CERRA at half the temporal and spatial resolution. We will also apply our methods
to CARRA, a dataset built on the same core model as CERRA and that covers the Arctic region, but
lack ensemble members. The respective domains of CERRA and CARRA are reported in Figure 32.

5.2 Methodology
In this section we review our signal and noise scheduling methodology before delving into the mathe-
matical reasoning behind the control of variance via the number of diffusion steps. In particular, we
derive an explicit formula to predict the variance of the generated data, which shows how it depends
on the number of diffusion steps.

5.2.1 Signal and noise schedules

As discussed in Section 3.7.3, the diffusion schedule {αt}T
t=0 plays a central role in shaping the gen-

erative process. By controlling how quickly signal is attenuated and noise is introduced, the schedule
directly determines the difficulty of the denoising task and the efficiency of the reverse process.

Several schedules have been proposed in the literature, including linear schedules [HJA20a], cosine-
based schedules [ND21], and variants in log-SNR space [KSPH21]. Each family balances signal and
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(a) Domain of CERRA and CERRA-EDA (b) Domain of CARRA-EAST

Figure 32: Comparison of CERRA and CARRA-EAST domains.

noise differently, with important implications for stability and sample quality. In this study, we adopt
a sinusoidal schedule, following [AEMM23], which offers smooth transitions between signal and noise
while preserving the variance-preserving (VP) property. This ensures that at every timestep the
mixture of signal and noise maintains unit variance, a key requirement for stable training and effective
reverse diffusion.

Concretely, the signal and noise rates are defined as

st = √αt = sin
(

π
T − t

T

)
, nt =

√
1− αt = cos

(
π

T − t

T

)
. (60)

It is immediate that s2
t + n2

t = 1, confirming the variance-preserving property. This sinusoidal inter-
polation avoids the abrupt decay of linear schedules while providing a controlled balance of signal and
noise across timesteps, which is particularly beneficial for high-resolution generation.

As in other VP schedules, the extremes of the interval can be problematic: at t = 0 or t = T ,
the process would degenerate into pure noise or pure signal, causing unstable gradients or ineffective
denoising. Following common practice [Che23, HHS23], we clamp the extremes of the schedule to
maintain a finite signal-to-noise ratio (SNR), thereby preventing degenerate cases and ensuring stability
in both training and sampling.

For the time discretization, we adopt a uniform subdivision of the interval [0, T ] into T steps, so
that t ∈ {0, 1, . . . , T}. When employing step-skipping with ∆t > 1 (see Equation 59), the time domain
reduces to

t ∈ {0, ∆t, 2∆t, . . . , N∆t}, N = T
∆t , (61)

which shortens the trajectory while retaining the same functional form of the schedule.

5.2.2 Controlling the variance

The generative process for DDIM involves a sequence of denoising operations alternated with the
re-injection of the same noise. Our findings reveal that the key aspect of controlling the variance
is selecting the number of diffusion steps. In this section, we analyze the evolution of the variance
through the iterative diffusion process and we provide an intuition on how the number of diffusion
steps N influences the variance of the generated data. We remark that the diffusion process in DDIM
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Figure 33: Reverse diffusion signal and noise ratios with cosine scheduling, including the reduced signal
rate

is defined by sampling x0 ∼ N (0, I) and then iterating through:

xt =
√

αt

αt−∆t
xt−∆t + ct−∆tϵ

t−∆t
Θ (xt−∆t), (62)

where we defined ct−∆t as:

ct−∆t :=
√

1− αt −

√
αt(1− αt−∆t)

αt−∆t
, (63)

to simplify the notation. We also recall that the diffusion schedule {αt}t=0,...,T is selected such that
α0 ≈ 1 and αT ≈ 0. Note that αT ̸= 0 as we clamped its value to avoid instabilities during training,
as we already discussed in 5.2.1.

Let x0 be an n-dimensional random variable with Gaussian distribution such that E[x0] = 0 and
V ar(x0) = I, and let {xt}t=0,...,T be the stochastic process defined in (62). Since the full variance
matrix V ar(xt) has dimension n× n, which is prohibitive from a computational point of view, in this
work we limit our analysis to the element-wise variance, defined as:

v(xt)i := V ar(xt)i,i, (64)

which is a vector of dimension n, representing the variance between each pixel of xt with itself, ignoring
the relationship with the adjacent pixels. Note that this choice is coherent with our task, as we want to
study the pixel-wise uncertainty of DDIM downscaling, and taking into consideration the correlation
between adjacent pixels is beyond the scope of this analysis.

It is not difficult to show that the element-wise variance has similar properties to the classical
variance, and in particular:

(P1) v(axt) = a2v(xt),

(P2) v(xt + yt) = v(xt) + v(yt) + 2v(xt, yt),

where v(xt, yt) is the element-wise covariance between xt and yt.

Proposition 5.1. Let mt := E[xt] and vt := v(xt). Then, for any t = ∆t, . . . , N∆t, it holds:

vt ≈ F tvt−∆t + gt, (65)
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where:

F t := αt

αt−∆t
I + J t,

J t := 2
√

αt

αt−∆t
ct−∆tdiag

(
∇mt−∆t

ϵt−∆t
Θ (mt−∆t)

)
,

gt := c2
t−∆t1.

Note that (65) represents a first-order linear recurrence equation of dimension n with non-constant
coefficients, for which there exists a closed formula that can be used to compute vT , the variance of
the generated data, as summarized in the following Theorem.

Theorem 5.2. Let F t, J t, and gt defined as in Proposition 5.1, and let ∆t be a fixed step-size for
DDIM, so that any timestep t can be written as i∆t for i = 0, . . . , N . Note that v0 = 1, the vector of
all ones, as x0 ∼ N (0, I). Then, defining F (N+1)∆t to be the identity matrix to simplify the notation,
it holds:

vT ≈

(
N∏

i=1
F i∆t

)
1 +

N∑
i=1

[(
N+1∏

k=i+1
F k∆t

)
gi∆t

]
. (66)

Notably, 5.2 not only allows for the explicit computation of the element-wise variance of xT , but
it also underlines the dependence of vT on the number of diffusion timesteps. Indeed, if, for example,
both F i∆t ≥ 0 and gi∆t ≥ 0, then 66 clearly implies that vT monotonically grows as a function of N .
Specifically, increasing the step size ∆t (and consequently reducing the number of timesteps N) results
in fewer terms being included in the summation that computes vT , thereby decreasing its value. Refer
to [MEL25] for extended proofs of the aforementioned theorem and proposition.

5.3 Experimental Setting
In this section, we describe the pre-processing, training, and evaluation strategies required to adapt
the diffusion model for high-resolution downscaling across the full CERRA domain. The transition to
larger spatial scales necessitated adjustments to both data handling and model architecture to ensure
consistent performance. We focus on data selection and pre-processing in Section 5.3.1, followed by a
detailed explanation of the modifications required for training on the full domain in Section 5.3.2.

5.3.1 Data selection and pre-processing

The diffusion model performs downscaling in an image-to-image manner, transforming low-resolution
ERA5 data into high-resolution CERRA or CARRA outputs while maintaining alignment over the
same spatial domain for input and output. The primary experimental framework of our study focuses
on downscaling wind speed from ERA5 to CERRA over the full CERRA domain and comparing the
ensemble results with the CERRA-EDA dataset. Our model will be trained solely on the CERRA
data and no input of CERRA-EDA is used during training, ensuring that the model will learn the
ensemble variability only from the CERRA data itself.

The CERRA domain spans a grid of 1069×1069 points across Europe, represented in a Lambert
Conformal Conic (LCC) projection. The complete CERRA dataset covers the period from September
1984 to June 2021; for our experiments, we utilized data from 1985 to 2010 for training and from 2016
for ensemble testing. Additionally, we evaluated overall performance for the entire decade from 2011
to 2020, though computational constraints limited ensemble variance testing to the year 2016. In our
diffusion model, ERA5 data serves as the conditioning input, re-gridded to align with CERRA’s LCC
grid. Wind speed, s, is derived from the two wind components, su and sv, as:

s :=
∥∥∥∥[su

sv

]∥∥∥∥
2

=
√

s2
u + s2

v

Our diffusion model is based on a residual convolutional denoiser, which benefits from input di-
mensions divisible by two at multiple levels. To ensure consistency between the downsample and
upsample paths, we augment the original grid size (1069×1069) with mirroring padding, resulting in
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a final input size of 1072×1072. Our conditioning is implemented via concatenation on the input of
the denoising network, to equalize the dimension we opt to upscale the ERA5 data to 1069× 1069 via
bilinear interpolation, and then we apply the same mirroring padding to ensure spatial consistency.

To compare our diffusion-based ensembles with the existing CERRA-EDA ensemble members, we
note that CERRA-EDA operates at half the spatial resolution of CERRA (565×565) and a temporal
resolution of six hours, also halved relative to CERRA. For consistency, we train our model exclusively
on full-resolution CERRA data with a three-hour temporal resolution. Wind speed is an instanta-
neous value, therefore six-hourly outputs can be generated using conditioning information at the same
temporal resolution. The generated outputs retain the full CERRA resolution; for comparison with
CERRA-EDA, we apply bilinear interpolation to downscale the results.

Diffusion models require standardized inputs to balance signal and noise rates effectively. We
apply a standardizer that normalizes inputs using the mean and variance computed across the training
set, ensuring consistent scaling across batches. It is important to note that this variance is relative
to the training data and is distinct from the ensemble variance between members produced by the
diffusion model. This normalization is applied to both high-resolution images (signal rates) and low-
resolution conditioning data, aligning their scales and simplifying the learning task. Experimentally,
this approach demonstrated improved performance and stability.

5.3.2 Training on the full domain

The general structure of our diffusion model follows the framework established in [MAC24b]. The
denoiser is a residual U-Net [RFB15b, HZRS16b] implemented in TensorFlow/Keras, designed as a
symmetric encoder–decoder network with skip connections and residual convolutional blocks using
Swish activations and layer normalization. The architecture performs three stages of downsampling
through average pooling and three corresponding upsampling stages via bilinear interpolation. Each
stage (both in the encoder, decoder, and latent bottleneck) contains three residual blocks, each com-
posed of two 3×3 convolutions and a skip connection to preserve spatial detail. The model contains
approximately 22 million learnable parameters, predicting the noise component at each diffusion step.

Training is conducted by uniformly sampling signal-to-noise ratios from the sinusoidal noise schedul-
ing functions, optimizing the mean absolute error (MAE) between the sampled noise and the predicted
noise. Scaling the diffusion model to the full CERRA domain, with image sizes of 1069×1069, required
modifications to a model originally designed for downscaling images up to 256×256. These adapta-
tions involved adjustments to both the noise schedule and the network architecture to ensure effective
performance at higher resolutions.

Recent findings [Che23, HHS23] have demonstrated that cosine noise schedules can reduce the
effective noise added by the model as image size increases. This occurs because redundancy in data,
such as correlations among nearby pixels, typically increases with resolution, and the independently
added noise becomes easier to denoise in larger images. Consequently, noise schedules optimized for
smaller resolutions may not perform as effectively at higher resolutions. To address this issue, we
introduce a constant scaling factor λ > 1 to reduce the signal rate in the noise schedule. For an input
xT ∼ pgt(xT ) and a scaling factor λ, the noise schedule 53 is modified as follows:

xt = √αt
xT

λ
+
√

1− αtϵt (67)

Experimentally, setting the value λ = 3 improved training efficiency and overall model performance,
which is a crucial aspect for large-scale ensemble diffusion applications. A comparison of signal and
noise ratios with the scaled signal rate is shown in 33. Notably, applying the same scaling to the
low-resolution conditioning signal further stabilized the training process.

Experimentally, we tested several values of λ ∈ [1, 4] and observed that λ = 3 provided the best
trade-off between reconstruction fidelity and training stability, achieving the lowest MSE with respect
to the deterministic CERRA ground truth. Full ablation at multiple λ values and full resolution would
be computationally prohibitive; therefore, smaller-scale experiments were used to guide the choice,
keeping the spatial resolution constant as it is the key factor influencing this effect. The selected value
should thus be regarded as empirically determined. This adjustment proved crucial for large-scale
ensemble diffusion applications, improving convergence and overall stability. Notably, applying the
same scaling to the low-resolution conditioning signal further stabilized the training process.
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While the core U-Net architecture remained largely unchanged, scaling to larger domains required
increasing the number of residual blocks in the bottleneck. This adjustment improved performance
when generating larger images [HHS23]. The model’s performance across the increased domain re-
mained comparable to that observed at smaller resolutions, with the bottleneck modification enhancing
its ability to process higher-resolution inputs effectively.

The diffusion model is trained on the ERA5 to CERRA task for wind speed on the full domain,
utilizing data from 1985 to 2010 for training. The training was performed on a single compute node
equipped with three NVIDIA A100 GPUs (64 GB VRAM each), using a batch separation (mirroring)
strategy to distribute the workload across devices. The model was trained for 400 epochs with 500 steps
per epoch, corresponding to a total training time of approximately 42 hours. Each epoch required about
300 seconds to complete, and the batch size was set to three, with one sample processed per GPU.
AdamW was used as the optimizer, with an initial training phase of 200 epochs using a learning rate
of 1 × 10−4 and a weight decay of 1 × 10−5, followed by a fine-tuning phase of 100 epochs with a
reduced learning rate of 1× 10−5 and a weight decay of 1× 10−6. The model was trained to minimize
the mean absolute error (MAE) between the predicted and true noise. During inference, the memory
constraints are relaxed, and the model can be executed on GPUs with as little as 16 GB of VRAM.

5.4 Experiments
Our primary experimental objective is to evaluate the behavior of ensemble variance while changing the
timestep ∆t. While a comprehensive analysis of the ensemble diffusion model’s performance across the
entire CERRA domain is beyond the scope of this paper, we ensure that the model operates within a
realm of satisfactory performance. To achieve this, we begin—similar to [MAC24b]—by comparing our
model’s performance against bilinearly interpolated ERA5 data and a residual U-Net model trained
for the same task. The results, obtained by computing the Mean Squared Error (MSE) and SSIM
between the high-resolution output produced by the model and the original CERRA, are shown in
Table 14.

Bilinear U-Net DDIM (Our)
MSE (↓) 3.73e-03 2.50e-04 2.54e-04
SSIM (↑) 0.751 0.892 0.923

Table 14: Performance of ensemble diffusion against bilinear interpolation and U-Net for the years
2011-2020.

Testing for the years 2011–2020, the ensemble diffusion model achieves an MSE of 2.54 · 10−4,
compared to 2.50 · 10−4 for the U-Net and 3.73 · 10−3 for bilinear interpolation. For SSIM, bilinear
interpolation scores 0.751, the U-Net scores 0.892, and ensemble diffusion achieves the highest score of
0.923. Ensemble diffusion was executed with N = 2 diffusion steps and an ensemble of 10 members.

These results confirm that the diffusion model delivers satisfactory performance, with MSE values
approximately an order of magnitude better than bilinear interpolation and comparable to those of
the U-Net. Additionally, as expected, the diffusion model outperforms both alternatives in terms of
SSIM. The proposed metrics were calculated on normalized data.

5.4.1 Quantifying variance

The first aspect of variance analysis we evaluate in our experiments is understanding how the model’s
expressed variance changes with the number of diffusion steps, as detailed in Section 5.2.2. For this
experiment we selected the year 2016 and computed the ensemble variance for 10 members for all the
year at 6h intervals, matching the existing format of the CERRA-EDA ensemble. Furthermore, we
used bilinear interpolation to reduce the spatial dimension of our output image from 1069 × 1069 to
565 × 565, also matching the existing CERRA-EDA format. Having obtained a comparable dataset,
we proceeded to calculate the pixel-wise variance for the ensemble member of each ensemble of the
year, finally calculating the mean variance, a value representing the overall variance expressed by the
diffusion model.

Given a dataset of ensembles D ∈ RS×M×h×w, where S represents the number of samples for 2016,
M = 10 is the number of ensemble members for each datapoint, and (h, w) = (565, 565) are the spatial
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Figure 34: Plotting the global mean variance µV of ensemble diffusion for different number of steps
against CERRA-EDA

dimensions, we compute the pixel-wise variance across the ensemble members V ∈ RS×M×565×565,
such that for each sample i = 1, . . . , S, and any spatial coordinate (x, y) ∈ {1, . . . , h} × {1, . . . , w},

V i(x, y) = 1
M

M∑
j=1

(
Di,j(x, y)− 1

M

M∑
k=1

Di,k(x, y)
)2

. (68)

We then compute the mean variance across all samples and spatial locations as:

µV = 1
S · h · w

S∑
i=1

h∑
x=1

w∑
y=1

V i(x, y). (69)

Here, µV is a scalar value representing the global mean variance across all samples and pixels. By
computing µV for different diffusion steps, we observe that the global variance increases with the
number of steps, as illustrated in Figure 34. Furthermore, we demonstrate that the variance control
mechanism successfully aligns the global variance with that of CERRA-EDA, with the closest match
achieved at N = 12 diffusion steps.

5.4.2 Analyzing variance spatially

The global mean-variance informs us that the diffusion model is able to match the overall amount of
variance present in CERRA-EDA, but this gives us no information to where the variance is distributed
in space. Our interest here is to examine if there is a match between the two spatial distributions of
the variance.

For the following experiments, we decided to investigate the variance in a three-monthly setting, to
highlight the behavior of the model in different seasons. To achieve this goal we divided the samples
into four sets, including respectively January February and March (JFM), April May and June (AMJ),
July August and September (JAS) and October November and December (OND).

To analyze spatial variance, we compute the pixel-wise mean of variance maps across all sam-
ples within each three-monthly subset. Let k ∈ {JFM, AMJ, JAS, OND} denote the season, Sk ⊆
{1, . . . , S} represent the subset of indices corresponding to the season k, and Sk the number of samples
corresponding to season k. The spatial mean variance µspatial

k for season k is given by:

µspatial
k (x, y) = 1

Sk

∑
i∈Sk

V i(x, y), (x, y) ∈ {1, . . . , h} × {1, . . . , w}. (70)

Here, V i and µspatial
k are understood to represent spatial fields, where the value of each pixel is

computed independently. We compute the spatial mean-variance for the reference ensemble CERRA-
EDA and for Ensemble Diffusion across a range of diffusion steps N ∈ {2, 4, 8, 10, 12, 14} for the year
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Figure 35: Comparing the spatial variance of CERRA-EDA with ensemble diffusion at different diffu-
sion steps. The comparison relative to the testing year 2016 and is performed in a 3 monthly manner
to highlight seasonal variations.

2016. This allows us to visualize how the spatial distribution of variance evolves as the number of
diffusion steps increases. The obtained results are reported in Figure 35. We observe substantial overlap
between the variance distributions of CERRA-EDA and Ensemble Diffusion. This indicates that the
diffusion model successfully captures the variability of the data by training solely on the CERRA
dataset, without requiring additional information about the underlying uncertainty. Furthermore, we
note that the degree of spatial overlap varies by season, with the highest overlap observed in the JFM
and OND sets, while AMJ and JAS exhibit less overlap.

To numerically quantify the overlap between variance distributions, we introduce the mean-variance
discrepancy (MVD) score, a metric defined as the absolute error between the spatial mean-variance
maps for each season. Let µspatial

k,ED denote the spatial mean-variance map of Ensemble Diffusion and
µspatial

k,CE denote the corresponding map for CERRA-EDA. The MVD score for season k is then defined
as:

MVDk = 1
h · w

h∑
x=1

w∑
y=1

∣∣∣µspatial
k,ED (x, y)− µspatial

k,CE (x, y)
∣∣∣ . (71)

The numerical results for the MVD scores computed across all three-monthly periods are reported in
Table 15.

From the MVD results, we observe that the optimal yearly number of diffusion steps is N = 8, a
lower value if compared with 12, which was identified based on the global mean variance. This finding
reveals that, while 12 steps yield an overall variance closest to the reference, the spatial distribution
of the variance behaves differently. This underscores the importance of a tailored tuning procedure
to achieve better alignment with expected uncertainties. Moreover, the MVD scores are not uniform
throughout the year: the winter months achieve the lowest MVD scores with 4 diffusion steps, while
the summer months perform best with 12 diffusion steps, possibly due to the model being affected by
seasonal dynamics.

Alongside the full-domain analysis, we examine the behavior of the generated ensemble at a ran-
domly selected point within the domain to provide a clearer and more readable visualization of the
mean and variance ranges. For this analysis, we plot the mean value and variance range at the chosen
point for both the 8-step ensemble diffusion and CERRA-EDA. To improve clarity over the high-
frequency time series, we apply a moving average smoothing with a 30-sample window. The resulting
plot, shown in Figure 37, reveals consistent overlap between the mean and variance ranges.
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MVD Scores for Seasonal Spatial Variance Maps

2 steps 4 steps 6 steps 8 steps 10 steps 12 steps 14 steps

yearly 1.18e-01 1.45e-01 1.41e+01 1.40e-01 1.43e-01 1.45e-01 1.49e-01

JFM 1.14e-01 1.02e-01 1.04e+01 1.10e-01 1.19e-01 1.27e-01 1.32e-01
AMJ 2.15e-01 1.62e-01 1.42e+01 1.37e-01 1.34e-01 1.33e-01 1.34e-01
JAS 2.22e-01 1.74e-01 1.58e+01 1.50e-01 1.47e-01 1.46e-01 1.47e-01
OND 1.42e-01 1.10e-01 1.11e+01 1.17e-01 1.24e-01 1.29e-01 1.35e-01

Table 15: Mean variance discrepancy (MVD) scores computed between the spatial mean variance
maps of Ensemble Diffusion and CERRA-EDA for each three-monthly period (JFM, AMJ, JAS,
OND) and each timestamp for 2016. Lower scores indicate higher similarity between the variance
distributions of the two ensembles.
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Figure 36: Evolution of the mean variance discrepancy (MVD) scores with the number of diffusion
steps. The plot visualizes the values reported in Table 15 for the yearly and three-monthly periods
(JFM, AMJ, JAS, OND) during 2016. Lower values indicate a closer match between the spatial
variance distributions of Ensemble Diffusion and CERRA-EDA. The yearly curve (orange) highlights
the global trend, while the seasonal curves illustrate the differing optimal step counts across the annual
cycle.

5.4.3 Impact of ∆t on performance

An interesting aspect of the variance analyses is to check how the overall performance of the Ensemble
Diffusion (ED) model changes as the number of steps increase. To achieve this goal we have have
utilized M = 10 ensemble members at 565 × 565 spatial resolution and 6-hourly time resolution for
the year 2016. We have computed the ensemble diffusion mean and compared it with the available
CERRA-EDA control run, which is, as mentioned in Section 2.1.2, the member of the ensemble with
no perturbation on the model input. We evaluate the comparison via MSE, calculated on normalized
values. The results, reported in table 16, reveal that the performance is largely stable while changing
the step size ∆t, with a slight increase in the performance for larger step sizes. This should be expected
as more steps allows the reverse diffusion process to make smaller, more gradual corrections at each
step, leading to a more precise reconstruction of the target high-resolution image.

5.4.4 Demonstrating capabilities on CARRA

Both CERRA and CARRA, introduced in Section 6.1.1 are built upon the HARMONIE-AROME
weather prediction system [BAA+17], adapted for reanalysis purposes. This common foundation
ensures that both systems share a core methodology for atmospheric modeling and data assimilation,
making them methodologically similar despite their focus on different regions.
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MSE ensemble mean performance comparison

2 steps 4 steps 6 steps 8 steps 10 steps 12 steps 14 steps

yearly 1.67e-03 1.62e-03 1.60e-03 1.59e-03 1.58e-03 1.58e-03 1.57e-03

JFM 1.98e-03 1.92e-03 1.90e-03 1.88e-03 1.87e-03 1.86e-03 1.86e-03
AMJ 1.52e-03 1.48e-03 1.47e-03 1.46e-03 1.45e-03 1.45e-03 1.44e-03
JAS 1.39e-03 1.36e-03 1.34e-03 1.33e-03 1.33e-03 1.33e-03 1.32e-03
OND 1.79e-03 1.73e-03 1.70e-03 1.68e-03 1.68e-03 1.67e-03 1.67e-03

Table 16: Table comparing the MSE performance of the diffusion model at different numbers of
reverse diffusion steps. The MSE is calculated between the mean of the 10 generated ensembles
and the CERRA-EDA control run. The results are reported 3-monthly for the year 2016, along
with the yearly mean across all seasons.

Figure 37: Mean and variance range at a randomly selected point in the domain, compared between
ensemble diffusion (8 reverse diffusion steps) and CERRA-EDA. Data is smoothed using a 30 samples
moving average window for readability and covers the entire year of 2016.
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Figure 38: Revealing the spatial variance of ensemble diffusion trained on CARRA-EAST with 8
diffusion steps. The comparison is relative to the testing year 2016 and is performed in a 3 monthly
manner to highlight seasonal variations.

Having validated our diffusion model’s capability to generate ensemble members for the CERRA
dataset, we naturally extend this methodology to CARRA-EAST, the Arctic region dataset focusing
on the eastern domain. Unlike CERRA, CARRA lacks an ensemble dataset, which limits its usability
in quantifying variability, validating against real-world uncertainties, detecting rare or extreme events,
performing ensemble-based statistical analyses, and estimating model robustness. Our ensemble dif-
fusion driven ensemble dataset can be a highly efficient way to address this issues.

For CARRA-EAST, we adopt a training setup similar to the one proposed for CERRA. The
downscaling process is framed as an image-to-image transformation, converting low-resolution ERA5
data into high-resolution CARRA-EAST, mantaining the same spatial domain between the two, with
the resulting grid having a size of 989×789. We regrid ERA5 wind speed data to match the projection
of CARRA-EAST. The training period spans 1991–2010, while the year 2016 is reserved for ensemble
testing. As with CERRA, padding is applied to adjust the grid size for compatibility with the diffusion
architecture. Training was conducted following the setup detailed in Section 5.3.2.

The ensemble members are generated for the year 2016 using 8 diffusion steps, the optimal value
determined through spatial validation with MVD on CERRA-EDA. Figure 38 illustrates the spatial
variance for 2016, plotted within the same variance range as Figure 35. Our results reveal that the
spatial variance is consistent with expected patterns.

5.4.5 Comparison with EMOS

Our method provides a direct ensemble comparison with CERRA-EDA, the numerically computed
ensemble of CERRA, which can be naturally regarded as the optimal ground truth for evaluation. To
ensure a comprehensive evaluation, our method can be positioned alongside other ensemble-generation
approaches, including well-established statistical post-processing techniques such as EMOS. Among
neural stochastic architectures, methods based on GANs have been proposed for related tasks, yet their
training and tuning requirements make them impractical in our setting, as discussed in Section 5.1.1.
For this reason, our comparison focuses on EMOS.

EMOS (Ensemble Model Output Statistics) is a statistical post-processing approach widely used
to calibrate ensemble and deterministic forecasts [GRWG05]. Originally developed as a calibration
framework for correcting bias and spread in ensemble systems, EMOS has become one of the most
adopted post-processing techniques in numerical weather prediction and downscaling contexts [TG10,
BL16, SGB23]. Beyond calibration, EMOS can also be applied to generate probabilistic ensembles
directly from deterministic forecasts by modeling the predictive distribution of the target variable as a
function of the forecast itself. This formulation allows EMOS to correct systematic biases and rescale
forecast variability, producing calibrated ensemble predictions that are statistically consistent with the
observed data.

In our setting, EMOS is applied to the deterministic outputs of the reference U-Net to generate prob-
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abilistic ensembles. We employ a deterministic version of our downscaling model, a high-performing
residual U-Net, which achieves performance comparable to the diffusion model in terms of MSE for
the testing years, as reported in Table 14. This deterministic U-Net provides an ideal baseline for com-
parison, and our experiment focuses on generating ensemble members from the U-Net using EMOS
and evaluating them against those obtained from the diffusion-based ensembles.

The objective of this experiment is to evaluate whether EMOS, when fitted to the relationship
between the deterministic forecasts and the ground truth, can reproduce the ensemble variability
observed in CERRA-EDA. In practice, EMOS models the conditional distribution of wind speed as
the truncated normal distribution, Y ∼ T N 0(µ = a + bX, σ), where the coefficients a and b correct
systematic bias and amplitude scaling, and σ controls the ensemble spread. The deterministic U-Net,
trained on the 1985–2010 period (consistent with the diffusion model), was used as the forecast source.
The year 2015 was used to fit the EMOS parameters against the CERRA ground truth, while 2016 was
reserved for evaluation against the ten-member CERRA-EDA ensemble. All datasets were normalized
to the [0, 1] range using the CERRA training statistics. EMOS fitting was performed after bilinearly
downscaling the raw U-Net outputs to 565×565 pixels to match the spatial resolution of CERRA-EDA.
The evaluation was carried out at a 6-hourly frequency and 565 × 565 spatial resolution, comparing
the EMOS-generated ensemble with the reference ensemble dataset.

Total Ensemble Variance Comparison

2 steps 0.216
4 steps 0.298
6 steps 0.338
8 steps 0.357
10 steps 0.375
12 steps 0.388
14 steps 0.397

EMOS 0.392
Local EMOS 0.392
CERRA-EDA (Ref.) 0.392

Table 17: Total ensemble variance (µV ) for Ensemble Diffusion at increasing numbers of reverse
diffusion steps, compared with EMOS, Local EMOS, and the reference CERRA-EDA variance.
Variance increases monotonically with diffusion steps and converges toward the reference.

Two EMOS configurations were tested. In the standard EMOS, a single set of parameters (a, b, σ)
was fitted over the entire 2015 dataset, yielding a = −7.1 × 10−4, b = 1.015, and σ = 0.0168. The
spread was subsequently calibrated to match the global mean variance of CERRA-EDA via σnew =
σ
√

µVtarget/µVcurrent, resulting in σnew = 0.0122. In the local EMOS, a separate regression was fitted
for each grid point, Yt(i, j) = ai,j + bi,jXt(i, j) + εt(i, j), producing spatial maps of ai,j , bi,j , and σi,j .
To prevent over-dispersion, the per-pixel spread was globally scaled using the same variance calibration
factor, k =

√
µVtarget/µVcurrent ≈ 0.60.

Naturally, both EMOS variants successfully reproduce the total ensemble variance of CERRA-
EDA, as they are directly calibrated to match this value, as reported in Table 17. The more interesting
question is whether they can approximate the spatial distribution of the variance. For the standard
EMOS approach, which relies on a single value of σ, this is inherently impossible. However, the
local EMOS formulation, which estimates parameters for each grid point, may be able to capture
some spatial structures. Having computed spatial variance maps analogous to those obtained for the
diffusion ensembles, the local EMOS results were added to Figure 35. As shown in the figure, EMOS
identifies a few regions of high variability, but these are limited in extent and fail to represent the
complex spatial patterns of variance clearly captured by both CERRA-EDA and the diffusion model.

The mean-variance discrepancy (MVD) scores computed between EMOS, local EMOS, and the
best-performing diffusion configuration (8 steps), reported in Table 18, confirm this observation. In the
yearly comparison, the diffusion model clearly outperforms both EMOS configurations, and the same
holds for three of the four seasonal partitions. Interestingly, however, during the July–August–September
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MVD Scores for Ensemble Diffusion (8 steps) vs EMOS

8 steps (Ours) EMOS Local EMOS

Yearly 1.40e-01 1.60e-01 1.59e-01

JFM 1.11e-01 1.65e-01 1.59e-01
AMJ 1.37e-01 1.51e-01 1.52e-01
JAS 1.51e-01 1.40e-01 1.44e-01
OND 1.17e-01 1.43e-01 1.40e-01

Table 18: Mean variance discrepancy (MVD) scores computed between the spatial mean variance
maps of the 8-step Ensemble Diffusion model, EMOS, and Local EMOS for each three-monthly
period (JFM, AMJ, JAS, OND) and the full year 2016. Lower scores indicate higher similarity
between the variance distributions of the compared ensembles.

period, the EMOS configuration slightly outperforms diffusion. This finding is noteworthy, given that
EMOS is a purely statistical method that does not explicitly model spatial variability. This outcome
likely reflects a relative reduction in the diffusion model’s ability to capture uncertainty during the
summer months, rather than a genuine advantage of EMOS, suggesting that ensemble diffusion may
struggle to represent variance under the distinct dynamical conditions of this season.

5.5 Conclusions
In this paper, we applied an ensemble diffusion model to the full-domain ERA5-to-CERRA downscal-
ing task and discovered a relationship between the variance exhibited by the ensemble diffusion and the
number of reverse diffusion steps, giving theoretical proof of this relation. Notably, we demonstrated
that the selection of the reverse diffusion step size ∆t not only impacts the time efficiency of the
generative process but also serves as a crucial mechanism for controlling the variance of the sampled
data, a key aspect when using these models for generating ensembles. We have explored architectural
improvements needed to apply ensemble diffusion models over large domains, including the use of a
scaling factor to reduce the signal rate in the noise scheduler, reducing the effect that higher resolution
have on denoising difficulty. Our experimental results indicate that adjusting the number of diffusion
steps enables the model to operate across different ranges of ensemble variance. We found that the
control over variance gained by varying the number of diffusion steps is sufficient to match the global
mean variance exhibited by the available ensemble reference dataset, CERRA-EDA. We observed that
increasing the number of diffusion steps leads to convergence toward a fixed variance value. Although
this converged global mean variance closely matches the one exhibited by CERRA-EDA, our MVD
score, which takes into account the spatial distribution of the variance, revealed that the optimal
number of steps is 8, a value far from the convergence point. This demonstrates that selecting a “suf-
ficiently high” number of steps is not necessarily an optimal strategy for tuning an ensemble diffusion
model, highlighting the importance of calibration to obtain optimal results. To further contextual-
ize the effectiveness of our approach, we have also introduced an Ensemble Model Output Statistics
(EMOS) baseline as a comparison method. EMOS, a widely adopted statistical post-processing tech-
nique for ensemble calibration, provided a valuable reference for assessing the seasonal variability and
overall performance of our diffusion model. While EMOS successfully reproduced global variance lev-
els, it lacked the spatial variance coherence achieved by the diffusion-based approach, underscoring
the advantages of learning-based generative methods for ensemble generation. In our work we have
showcased the capability of generating ensemble members efficiently at high temporal and spatial
resolutions. Specifically, our ensemble reference CERRA-EDA has a considerable reduction in spatial
resolution (from 1069×1069 to 565×565) and temporal resolution (from 3h to 6h). We reveal that our
approach is able to generate ensemble members at full CERRA temporal and spatial resolution, while
maintaining high efficiency, essentially running on workstation hardware. Considering that our model
is conditioned only by ERA5 low-resolution inputs, which happens to be available at hourly intervals,
we can additionally increase the ensemble temporal resolution to 1h. Additionally, we have extended
our ensemble diffusion methodology from CERRA to CARRA-EAST, demonstrating its capability to
generate ensemble members for datasets lacking ensemble information, using a similar training setup
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and confirming its effectiveness in reproducing spatial variance patterns through diffusion step tuning.
Since our diffusion model is trained solely on the deterministic ERA5-to-CERRA task, it is unaf-

fected by factors such as measurement quality or other previously assessed uncertainties. As such, our
approach can serve as a validation tool for existing ensembles, with discrepancies providing insights
into the neural model’s understanding of the underlying physical system or serving as validation for
uncertainty estimates obtained through other methods. In our experimental setting, the spatial vari-
ance reported in Figure 35 shows a clear overlap between distributions. However, during the summer
months in the North African region, discrepancies between CERRA-EDA and our Ensemble Diffusion
appear. This may indicate that our model struggles to capture uncertainty in this region, or that
CERRA-EDA itself may be affected by data scarcity [RBLM+24].

In conclusion, our methodology provides a practical tool for tuning ensemble diffusion models to
produce the correct variance distribution. We anticipate that future implementations will consider
the number of diffusion steps as a crucial tuning parameter. Furthermore, our theoretical framework
opens promising directions for studying the statistical properties of ensemble members in relation to
the structure of diffusion models, encouraging further research.
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6 Paper III: Vision Transformers for Multi-Variable Climate
Downscaling, emulating Regional Climate Models with a
Shared Encoder and Multi-Decoder Architecture

Abstract

Global Climate Models (GCMs) are critical for simulating large-scale climate dynamics, but
their coarse spatial resolution limits their applicability in regional studies. Regional Climate
Models (RCMs) address this limitation through dynamical downscaling, albeit at considerable
computational cost and with limited flexibility. Deep learning has emerged as an efficient data-
driven alternative; however, most existing approaches focus on single-variable models that down-
scale one variable at a time. This paradigm can lead to redundant computation, limited contex-
tual awareness, and weak cross-variable interactions. To address these limitations, we propose a
multi-variable Vision Transformer (ViT) architecture with a shared encoder and variable-specific
decoders (1EMD). The proposed model jointly predicts six key climate variables: surface temper-
ature, wind speed, 500 hPa geopotential height, total precipitation, surface downwelling shortwave
radiation, and surface downwelling longwave radiation, directly from GCM-resolution inputs, em-
ulating RCM-scale downscaling over Europe. Compared to single-variable ViT models, the 1EMD
architecture improves performance across all six variables, achieving an average MSE reduction
of approximately 5.5% under a fair and controlled comparison. It also consistently outperforms
alternative multi-variable baselines, including a single-decoder ViT and a multi-variable U-Net.
Moreover, multi-variable models substantially reduce computational cost, yielding a 29–32% lower
inference time per variable compared to single-variable approaches. Overall, our results demon-
strate that multi-variable modeling provides systematic advantages for high-resolution climate
downscaling in terms of both accuracy and efficiency. Among the evaluated architectures, the
proposed 1EMD ViT achieves the most favorable trade-off between predictive performance and
computational cost.

6.1 Introduction
Global Climate Models (GCMs) and Regional Climate Models (RCMs) are the primary tools for
simulating the Earth’s climate system and projecting future climate change, with their respective roles
and limitations described in detail in Section 2.1.4. While GCMs provide global coverage at coarse
resolution, RCMs add spatial detail and realism but remain computationally demanding, which limits
the number of simulations that can be performed in regional experiments [JPE+14].

An emerging alternative to traditional numerical downscaling is the use of deep learning models to
emulate the RCM process. As outlined in Section 2.3, neural networks can learn the mapping from
coarse-resolution GCM outputs to high-resolution RCM fields, providing a fast, data-driven method
for producing detailed climate projections across regions and scenarios [RHG+24].

The GCM-to-RCM emulation task considered here is analogous to the ERA5-to-CERRA downscal-
ing addressed in the previous papers, but applied in the context of climate projections. We approach
it as a supervised learning problem using paired GCM–RCM datasets, focusing on Vision Transformer
(ViT) architectures, as introduced in Section 3.5. ViTs have emerged as powerful architectures in
image-to-image translation and super-resolution tasks due to their attention-based processing and
ability to capture long-range dependencies [ZDC+24, YYWS24, RHG+24, LSG+25]. Our objective is
to generate high-resolution outputs that reproduce the fine-scale structures of RCM simulations in a
computationally efficient manner.

The main focus of this final paper is the exploration of joint, multi-variable processing. Typically,
downscaling meteorological variables from GCM to RCM involves handling numerous diverse variables
spanning atmospheric, surface, and radiation categories. Most existing deep learning approaches for
climate downscaling focus exclusively on single-variable modeling, training and applying uni-variate
models separately on each variable [BMMG20, VKG+17, OIKY23, SGIWS20a, SGIWS20b]. This
practice raises several issues: cross-variable interactions remain unexploited, maintaining multiple in-
dependent models is computationally inefficient, and similar variables lead to redundant learning when
modeled separately. To overcome these limitations, this study investigates multi-variable processing
strategies. By modeling several variables simultaneously, we aim to exploit inter-variable relation-
ships, improve performance, and enhance physical coherence. This approach also reduces the number
of required models, lowering computational demands per variable. At the same time, multi-variable
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modeling introduces new challenges, including training instabilities and cross-variable interference,
which may manifest as artifacts in the outputs.

Figure 39: Visualization of a single daily sample for the six studied variables: Surface Temperature,
Wind Speed, Geopotential Height, Total Precipitation, Surface Downwelling Shortwave Radiation and
Surface Downwelling Longwave Radiation. Each variable is shown for both the high-resolution Regional
Climate Model ICTP-RegCM4-6 (top row) and the low-resolution Global Climate Model MPI-ESM-
LR (bottom row) re-gridded onto the same European domain.

Our study focuses on six atmospherical variables: wind speed (sfcWind), temperature (tas), geopo-
tential height at 500 hPa (zg500), total precipitation (tp), surface downwelling shortwave radiation
(rsds) and surface downwelling longwave radiation (rlds). An image depicting a sample of the six vari-
ables for both RCM and GCM is reported in Figure 39. We first establish baseline performance using
single-variable ViT models trained independently for each variable. Subsequently, we introduce two
multi-variable approaches: one treating variables as separate channels (1E1D), and a second employing
a single shared encoder with multiple dedicated decoders (1EMD), one per variable. In addition, we
incorporate a multi-variable U-Net model to provide an external and widely used baseline for compar-
ison. We ensure a robust and reproducible comparison by standardizing model structure, parameter
count, training epochs, learning rates, and optimizers across all experiments.

Our findings reveal that multi-variable modeling offers clear advantages in terms of computational
efficiency. However, the simpler multi-channel approach (1E1D) suffers from cross-variable interference,
failing to match the performance of single-variable baselines. In contrast, our structured multi-decoder
design (1EMD) avoids these issues and outperforms single-variable models across all tested variables.
These results highlight the effectiveness of our multi-variable architecture for high-resolution climate
downscaling.

In summary, the main contributions of this paper are: (i) introducing a multi-variable Vision Trans-
former framework for GCM-to-RCM emulation, (ii) evaluating its performance against single-variable
and alternative multi-task formulations, (iii) analyzing the benefits of shared spatial representations
across variables for improving physical coherence, and (iv) discussing the challenges introduced by
cross-variable interference and potential mitigation strategies.

6.1.1 Data Selection

Our study is based on the EURO-CORDEX data. EURO-CORDEX, developed as part of the Coordi-
nated Regional Downscaling Experiment (CORDEX) under the World Climate Research Programme
(WCRP), provides a consistent set of high-resolution (0.11°) RCM simulations, driven by boundary
conditions from multiple GCMs and emission scenarios. These simulations are widely used for regional
climate impact assessments across Europe [JPE+14]. We subjectively selected one GCM-RCM couple
from the available simulations: the MPI-ESM-LR GCM with the ICTP-RegCM4-6 RCM simulation
under emissions scenario RCP8.5.

The selection of surface air temperature (tas), surface wind speed (sfcWind), geopotential height
at 500 hPa (zg500), total precipitation (tp), surface downwelling shortwave radiation (rsds), and sur-
face downwelling longwave radiation (rlds) was motivated by both practical relevance and method-
ological interest. These six variables exhibit markedly different spatial and statistical characteristics
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when downscaled. Temperature and geopotential height produce relatively smooth, large-scale fields,
whereas wind speed contains localized high-frequency patterns. Precipitation, in contrast, is sparse,
intermittent, and notoriously challenging to downscale. Radiative fluxes (rsds and rlds) reflect a mix-
ture of smooth background structure and localized effects driven by cloud cover. This diversity offers
a useful testbed for evaluating how well data-driven models handle different signal types, and whether
modeling them jointly can facilitate positive transfer across variables.

The choice was also shaped by the broader goal of exploring multi-variable downscaling. By se-
lecting a small but diverse set of variables, we can begin to assess whether downscaling performance
benefits from shared representations across related but physically distinct fields. The downscaling task
addresses a spatial resolution increase from 1.0° to 0.1°, representing a tenfold enhancement. This
is among the largest resolution gaps available in publicly accessible GCM-RCM datasets, offering a
particularly demanding test case for evaluating the capabilities of data-driven downscaling methods.

The domain of interest is Europe, selected for its climatic diversity, data availability, and relevance
to policy and research communities. To ensure a direct comparison between scales, the low-resolution
GCM data was interpolated onto the RCM’s 0.1° grid using bilinear interpolation. This pre-processing
step ensures that GCM and RCM fields are directly comparable in both space and time. The datasets
span daily time steps from 2006 to 2099.

6.1.2 Related Works

As presented in Section 2.3, in recent years, the focus of climate downscaling has increasingly shifted
toward deep learning models [SDR+24b, BMMG21, BMMG20]. A wide range of architectures has been
explored to downscale variables such as temperature, wind components, surface pressure, and precip-
itation, among others. These include convolutional neural networks (CNNs) [BMMG21, WTL+21,
DL22, JLW+22, DIS+24, VKG+17], U-Nets [SGIWS20a, HKHW20, DSG+23], Vision Transformers
(ViTs) [ZDC+24, YYWS24, LSG+25], generative adversarial networks (GANs) [HMC+22b, KAS+23,
SGHK20, MRZ+25], and diffusion models [AHP+24, MBC+23, MAC24a, MEL25, WM24].

Different architectures show varying strengths depending on the target variable. Generative models
like GANs and diffusion models are particularly effective at preserving high-frequency spatial detail and
have shown strong performance in downscaling wind speed [TFC25]. In contrast, smoother fields such
as temperature are often better handled by U-Nets [LSG+24]. Despite these findings, there is no clear
consensus on a universally optimal architecture. Recently, ViT-based models have shown competitive
and often superior performance across multiple climate variables, outperforming CNN-based baselines
in several studies [LZVO25, CFL+22, ZDC+24]. As such, ViTs form the foundation of our proposed
approach.

ViT-based architectures for image-to-image tasks often draw inspiration from the encoder-decoder
structure of U-Nets. One common design integrates a transformer-based encoder with a convo-
lutional decoder [CLY+21, RBK21, LCS+21], while other variants opt for fully transformer-based
pipelines [WCB+22, ZLZ+22]. A key architectural consideration is the treatment of skip connec-
tions, which preserve spatial resolution and improve gradient flow. These may be preserved directly
[CLY+21, ZGS+25], omitted entirely under the assumption of rich encoder representations [RBK21],
or implemented through attention-based gating mechanisms [WCB+22].

While the majority of deep learning-based downscaling studies employ single-variable models, where
each variable is modeled independently, there is growing interest in multi-variable approaches that
leverage cross-variable relationships. These approaches aim to enhance physical consistency across
variables and potentially improve accuracy. In this work, we design a multi-variable downscaling
framework and benchmark its performance against single-variable counterparts.

Multi-variable downscaling, introduced in Section 3.2.6, naturally aligns with the framework of
multi-task learning, where a single model learns to solve multiple related tasks simultaneously. In
climate applications, multi-task learning offers several potential advantages: improved generalization
through shared representations, reduced training and inference cost, and the possibility of positive
transfer across variables [Cra20].

Several recent studies support the promise of this approach. For instance, Ling et al. [LLL+22a]
present a multi-task model for seasonal climate prediction that jointly forecasts several indices related
to the Indian Ocean Dipole. The model is trained using a loss function defined as a weighted sum of the
individual task with a higher loss weight to the primary target (DMI). The model achieves improved
performance compared to single-variable baselines. Similarly, Fan et al. [FZM+20] propose M2GSNet,
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a graph-based multi-task model for wind power prediction across multiple farms. By utilizing shared
encoders across tasks and training with an unweighted sum of L1 losses across farms, the model achieves
superior forecasting accuracy compared to single-variable baselines.

Other examples further support the benefits of multi-task formulations. Bannai et al. [BXU+23]
use a shared CNN backbone with two heads for simultaneous rain/no-rain classification and rain rate
estimation, yielding improved performance through joint optimization of a combined loss function. Liu
et al. [LWP+23] propose a two-stage downscaling system incorporating bias correction, terrain inputs,
and a multi-task loss with physical constraints, demonstrating the potential of multi-variable models
for enhancing both accuracy and realism in climate data products.

6.2 Methodology
In this section, we start by detailing our backbone implementation of a ViT-based image-to-image
model. We then proceed to describe the single-variable approach, where separate encoder-decoder
architectures are trained independently for each target variable. Next, introduce two multi-variable
strategies. The first, a single-encoder single-decoder (1E1D) model, concatenates multiple variables
along the channel dimension, treating them as multi-channel images in a unified ViT pipeline, and
the second a single-encoder multi-decoder (1EMD) where a shared encoder extracts common features,
while separate decoders are dedicated to reconstructing each variable individually. A visual comparison
of the proposed approaches is shown in Figure 40.

Decoder

Encoder

Decoder

Encoder

Decoder

Encoder

Decoder Decoder

var 1 var 1 var 2 var n
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Figure 40: Comparison between a single-variable encoder-decoder model and multi-variable models
using either a single shared decoder (1E1D) or multiple decoders branching from a shared encoder
(1EMD).

6.2.1 Architectural Backbone: Vision Transformer (ViT)

Vision Transformers (ViTs) are neural architectures that originate in natural language processing,
where self-attention is used to capture relationships within sequences. In the vision domain, ViT
applies the same principle by splitting an image into fixed-size patches, which are then flattened,
embedded, and treated as a sequence. This sequence is processed by transformer blocks, allowing the
model to capture global image dependencies without relying on convolutions, effectively serving as an
alternative to traditional encoder networks.

In recent years ViTs have been successfully applied to a variety of super-resolution tasks [LLL+22b,
YZH+25, CLZVG21, LSWC23]. Our proposed ViT architecture belongs to the ViT-CNN hybrid cat-
egory, combining a transformer-based encoder with a convolutional decoder, enabling the model to
capture global, non-local relationships more effectively than purely convolutional networks [CLY+21,
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LCS+21]. This design allows the model to handle complex spatial patterns, which is especially impor-
tant for tasks that require modeling long-range and cross variable dependencies.

Skip connections are a well-established component of encoder-decoder architectures, commonly used
to preserve spatial detail and improve gradient flow. In ViT-CNN hybrid models, studies have shown
that skip connections can enhance performance by bridging lower-level features from the encoder to the
decoder [CLY+21]. However, in transformer-based architectures,especially those without hierarchical
designs, this benefit may be less critical [RBK21, ZLZ+21b]. Unlike CNN encoders, which typically
reduce spatial resolution through downsampling, our ViT encoder preserves a constant resolution
throughout. As a result, the output tokens retain the same spatial structure as the input, reducing
the need for skip connections to recover lost detail.

In our implementation, we chose to omit skip connections to prioritize modularity and simplicity,
particularly in the context of supporting multiple variable-specific decoders. In a multi-decoder set-
ting, implementing skip connections would require duplicating and routing encoder features to each
decoder, increasing architectural complexity and coupling. Moreover, since each decoder specializes
in a different output variable, sharing low-level features indiscriminately across all decoders could in-
troduce unintended interactions or noise between tasks, potentially harming performance. Given that
the empirical benefits of skip connections in transformer encoders remain inconclusive, we deemed the
flexibility of a skip-free design—enabling easy addition or removal of decoders—more valuable than a
potentially marginal performance gain.

Specifically, our architecture is designed as follows: The encoding path follows a standard ViT
configuration, where the input image is divided into non-overlapping 8 × 8 patches, each linearly
projected into a 256-dimensional vector by a dense embedding layer. To retain spatial information,
learnable positional embeddings are added to the patch representations before passing them through the
transformer stack. The encoder consists of six transformer layers, each following a consistent structure.
Each layer applies normalization, followed by multi-head self-attention with six heads and a dropout
rate of 0.1. Next, A residual connection adds the input of the attention block to its output. After
attention, a second normalization is applied, followed by a multi-layer perceptron (MLP) consisting of
two fully connected layers with 512 and 256 units, respectively, and GELU [HG16] activation. Another
residual connection is applied at the output of the MLP block. Through this process, the transformer
encoder learns both local and global relationships between spatially distributed patches. To mitigate
the memory constraints that limit batch size, we use Group Normalization [WH18] with a group size
of 8, which has been shown to be more stable than Batch Normalization in such settings.

Following the transformer encoder, the sequence of embeddings is reshaped into a spatial grid,
initializing the decoding path. The decoder is composed of three consecutive upsampling blocks,
each of which includes bilinear interpolation for upsampling, doubling the spatial resolution at each
step. We utilize bilinear interpolation avoiding artifacts often associated with learned transposed
convolutions [ODO16]. Each bilinear upsampling is followed by a residual block, composed of group
normalization, two convolutional layers, and a residual connection that preserves input information.
The first convolution in the block uses Swish activation, while the second uses no activation. The
feature width begins at 256 in the first upsampling block and is halved in each subsequent block,
reducing to 32 in the final block. A final convolutional layer with no activation and a kernel initializer
set to zero projects the output to the target resolution, completing the decoding process. The complete
architecture for a single encoder-decoder pair contains approximately 11 million learnable parameters.

6.2.2 Single-Variable Models

The most direct approach at downscaling multiple variables is based on the use of multiple single-
variable models trained independently on each variable, with no sharing of weights or other information
between each model.

Each individual model consists of a single encoder-decoder pair, which enables the model to focus
on the individual task but doesn’t enable the utilization of cross-variable information.

In the case of single variable the loss is calculated on the comparison between the generated output
and the available ground truth, with our implementation using mean square error (MSE) loss. Denoting
Ŷ hw as the predicted pixel at spatial position (h, w) and Y hw as the corresponding ground truth pixel,
the loss is defined as:
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LMSE = 1
HW

H∑
h=1

W∑
w=1

(
Ŷhw − Yhw

)2
(72)

6.2.3 Multi-Variable Models

The main goal of this work is to design an architecture capable of downscaling multiple variables
simultaneously. While the coarse-resolution GCM provides the primary input, we hypothesize that
additional value can be gained by exploiting inter-variable relationships. Our assumption is that
the atmospheric state encodes joint spatial and dynamical patterns across variables, which a shared
representation can capture more effectively than isolated models. By modeling all variables together,
the network can leverage these patterns, potentially leading to improved accuracy and greater physical
consistency compared to independent downscaling approaches.

Building upon the ViT architecture described in Section 6.2.1, we implement two multi-variable
variants: a Single-Encoder Single-Decoder (1E1D) model, where all variables share the same encoder-
decoder pipeline, and a Single-Encoder Multi-Decoder (1EMD) model, where the variable are jointly
encoded but decoded separately. These designs allows us to study the trade-off between fully shared
architectures and variable-specific specialization via independent decoders.

Both our proposed multi-variable approaches share the same loss structure. Training is performed
simultaneously across the six target variables, with the loss computed as the mean over all output
channels. To make this approach viable, it is essential to normalize all variables to the same range.
This ensures that the model optimizes all variables with equal priority, preventing any one variable
from dominating the loss due to scale differences. With MSE being our loss function of choice, and
denoting Ŷ nhw as the predicted pixel at spatial position (h, w) for variable n, and Y nhw as the
corresponding ground truth pixel, the joint loss is defined as:

LMSE = 1
NHW

N∑
n=1

H∑
h=1

W∑
w=1

(
Ŷnhw − Ynhw

)2
(73)

Single-Encoder Single-Decoder VIT (1E1D) Our first approach to multi-variable modeling
treats the different atmospheric fields as complementary features of a single spatial input by concate-
nating the variables along the channel dimension. This design keeps the single-variable architecture
largely intact, with modifications only to the patch embedding and final convolutional layers to ac-
commodate six input and output channels.

The input consists of six geophysical variables stacked as a six-channel image. We divide this input
into non-overlapping patches of shape 8 × 8 × 6, each of which is projected into a 256-dimensional
vector via a dense embedding layer. These token embeddings are then processed by a Vision Trans-
former (ViT) encoder, following the same architecture used in the single-variable model. The decoder,
composed of convolutional layers, upsamples the latent representation back to the original spatial
resolution, with the final layer producing six output channels corresponding to the predicted fields.

This approach allows the encoder to capture a joint representation of the atmospheric state across
multiple variables. However, it implicitly assumes that the variables are spatially aligned and semanti-
cally compatible when treated as separate channels, an assumption that may be limiting if the variables
exhibit different spatial structures or temporal dynamics.

Single-Encoder Multi-Decoder VIT (1EMD) The six target variables in our downscaling task
exhibit substantial differences in their spatial structures and statistical distributions. For example,
temperature fields tend to show smoother gradients compared to the more intricate patterns found in
wind components. When using a single decoder to reconstruct all variables jointly, these differences
can cause interference: the decoder is limited to sharing the same weights for generating the different
variables, leading to potential cross-variable contamination. In particular, we observed that high-
frequency patterns from one variable (e.g., wind) can bleed into the smoother reconstructions of another
(e.g., geopotential height), degrading performance.

To address this, we propose a novel multi-variable downscaling architecture that employs a single
transformer-based encoder shared across all variables, followed by a dedicated convolutional decoder
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for each output variable. This design preserves the benefit of jointly encoding spatial inter-variable
dependencies while allowing each decoder to specialize in reconstructing a specific variable. By de-
coupling the decoding paths, we reduce interference and provide sufficient representational capacity to
each output stream. We consider this architecture to be an effective compromise between the two afore-
mentioned approaches: running completely independent encoder-decoder pipelines for each variable,
and forcing all variables through a single encoder-decoder with channel concatenation. Our approach
leverages shared context while controlling model complexity and avoiding cross-variable entanglement,
achieving a favorable trade-off between accuracy and computational cost.

Specifically, the 1EMD architecture is structured as follows. Each low-resolution input variable is
first bilinearly upsampled to the target resolution of 504×432, matching the output grid. The resulting
variables are concatenated along the channel dimension and partitioned into 3402 non-overlapping
patches of size 8×8×6. Each patch is linearly embedded into a 256-dimensional vector and augmented
with positional information via additive encoding. The sequence of embedded patches is processed
by a stack of six transformer blocks, each featuring multi-head self-attention (six heads), residual
connections with group normalization, and MLP layers with GELU activations.

The final encoder output is reshaped into a spatial feature grid of size 54 × 63 × 256 and passed
in parallel to six independent convolutional decoders, one per variable. The decoders do not share
parameters and are trained jointly using a composite loss function that accounts for all variables.
Each decoder consists of a sequence of residual blocks with group normalization and Swish activations,
interleaved with 2D upsampling layers. Three upsampling stages are used to restore the original
resolution of 504× 432. The final output is produced by a zero-initialized convolutional layer without
activation. The complete 1EMD model architecture is reported in Figure 41.

Experimental results, discussed in detail in Section 6.4, demonstrate that the proposed 1EMD
model outperforms both the single-variable and 1E1D approaches.

6.2.4 Multi-Variable U-net

In imaging tasks, the U-Net architecture represents a widely adopted standard baseline, with appli-
cations spanning much of the image-to-image translation spectrum. U-Nets have also been exten-
sively used for statistical downscaling of meteorological variables, including several recent contribu-
tions specifically addressing multivariate downscaling [ALDC25, QCBMBB23, LWH+25]. To provide
a meaningful and broadly recognized comparison against our transformer-based single-variable and
multi-variable approaches, we include a multi-variable U-Net structured in a 1E1D configuration.

The implemented residual U-Net follows a standard symmetric encoder–decoder design built around
residual blocks. Each residual block applies group normalization followed by two 3×3 convolutional
layers. The encoder is composed of three downsampling stages, each containing three residual blocks
and a 2× spatial reduction achieved via average pooling. Feature maps from every block are stored
as skip connections and later concatenated in the decoder. The bottleneck stage processes the lowest-
resolution representation through multiple residual blocks at the widest channel depth. The decoder
mirrors the encoder, performing 2× bilinear upsampling at each stage and concatenating the corre-
sponding skip features, followed by residual blocks

In the multi-variable, multi-task setting, the six variables are concatenated along the channel
dimension in the input. A symmetric multi-channel output head is used to reconstruct the six variables,
preserving a direct correspondence between input and output channels. The sizing of the model was
designed to match the competing ViT based architectures in terms of execution and training times,
The final configuration comprises approximately five million trainable parameters.

6.3 Experimental Setup
Our objective is to learn a mapping from coarse-resolution Global Climate Model (GCM) to high-
resolution Regional Climate Model (RCM). Specifically, we use data from the MPI-ESM-LR GCM
and the ICTP-RegCM4-6 RCM under the RCP8.5 scenario, addressing a spatial resolution shift from
1 degree (approximately 100 km) to 0.1 degree (approximately 10 km). The GCM data are re-gridded
to the RCM domain using bilinear interpolation to match the spatial structure of the RCM over
Europe.

We focus on downscaling six key atmospheric variables: near-surface air temperature (tas), surface
wind speed (sfcWind), 500 hPa geopotential height (zg500), total precipitation (tp), surface down-
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Figure 41: Architecture of the multi-variable single-encoder multi-decoder model (1EMD). Concate-
nated input variables are divided into patches, embedded with positional encodings, and processed as a
sequence by six transformer blocks, each consisting of multi-head self-attention (six heads) followed by
an MLP. The output sequence is then reshaped into a spatial grid and passed to separate CNN-based
decoders, each composed of three upsampling stages interleaved with residual blocks.
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welling shortwave radiation (rsds), and surface downwelling longwave radiation (rlds). From an image
processing perspective, each variable is treated as a 2D field with spatial dimensions of 431×501 pixels.

Our dataset spans daily values from 2006 to 2100. We use data from 2006–2099 for training and
reserve one year per decade (2010, 2020, etc.) for testing. This design avoids long-term temporal
separation between training and test sets, helping prevent bias from trends such as climate change.
For each variable, GCM and RCM outputs are temporally and spatially aligned so that the models can
effectively learn to predict high-resolution RCM fields from corresponding low-resolution GCM inputs.

As of pre-processing, each variable is min-max normalized to the [0, 1] range using the training
data’s minimum and maximum values. To ensure compatibility with convolutional architectures,
images are also padded via replication to 432 × 504 pixels to make the dimensions divisible by 8.
Padding is removed before computing evaluation metrics.

Our downscaling models operate in an image-to-image manner, taking the GCM variable(s) at a
given timestamp as input and predicting the corresponding RCM variable(s). In the single-variable
case, the model maps one GCM field to one RCM field. In the multi-variable case, the model maps
all six GCM variables to their corresponding RCM fields for the same timestamp, effectively forming
a six-to-six mapping as illustrated in Figure 40.

We adopt a fair comparison framework that is coherent with standard practice in model comparison,
avoiding common pitfalls such as unequal fine-tuning, training effort or model complexity [LKM+18,
PVLS+21, LS19]. We compare the four modeling approaches, three based on a Vision Transformer
(ViT) backbone and one based on a U-Net. First, we train and test six independent single-variable
ViT models, one for each target variable. Then, we explore three multi-variable models: 1E1D, which
uses a shared encoder and decoder, 1EMD, which employs a shared encoder and separate decoders for
each variable, and a multi-variable U-Net providing an external, widely used reference architecture. All
ViT models share the same encoder architecture. The single-variable ViT and the multi-variable ViT
1E1D also share the same parameter count, differing only in the final convolutional layer and decoder
embeddings. In contrast, the 1EMD model maintains a shared encoder but uses six independent
decoders (one per variable), with no weight sharing in the decoding stage.

All models share the same encoder architecture. The single-variable ViT and the multi-variable ViT
1E1D also share the same parameter count, differing only in the final convolutional layer and decoder
embeddings. In contrast, the 1EMD model maintains a shared encoder but uses six independent
decoders (one per variable), with no weight sharing in the decoding stage.

We use the Adam optimizer with decoupled weight decay (AdamW) [LH17], a common choice
for ViT-based architectures. All models are trained for 400 epochs with 500 steps per epoch. Due to
memory constraints, we use a batch size of 1. The learning rate is fixed at 1e−4 for the first 300 epochs
and reduced to 1e−5 for the final 100 epochs. Weight decay is set to one-tenth of the current learning
rate. These settings were chosen based on empirical tuning to ensure consistent convergence across
all approaches. We use mean squared error (MSE) as the loss function for all models, as described in
Sections 6.2.2 and 6.2.3.

Training is conducted on a NVIDIA A100 GPU using a unified pre-processing pipeline. Testing
is performed on the reserved ten years of test data, spanning the full 100-year period. Each model
is evaluated on the entire test set, and performance metrics are computed over all test samples. To
account for variability due to random initialization and stochastic optimization, all models were trained
and evaluated twice using independent random seeds. Each repetition executed the full training
and testing pipeline under identical settings, and the performance values reported in the manuscript
correspond to the mean across the two runs. This protocol provides a lightweight but meaningful
assessment of robustness within realistic computational constraints. Notably, the relative ranking of
the models is consistent across both repetitions.

6.4 Results
We evaluate the four models, Single-variable ViT, Multi-variable ViT (1E1D), Multi-variable ViT
(1EMD) and Multi-variable U-Net on a test dataset comprising ten years of unseen data. The test set
includes one year per decade from 2010 to 2100.

All models are tested across the six selected variables using three evaluation metrics: Mean Squared
Error (MSE), Mean Absolute Error (MAE), and Structural Similarity Index (SSIM) alongside spatial
and temporal Pearson correlations. These metrics offer a well-rounded perspective, balancing numerical
accuracy (MSE, MAE) with perceptual similarity (SSIM), and are commonly adopted in climate

119



GCM to RCM Downscaling Performance (MPI to RegCM)
Mean Performance Across Two Independent Runs

Model MSE ↓ MAE ↓ SSIM ↑

tas
Bilinear 9.97e-04 2.27e-02 9.78e-01
Single Var. ViT 4.34e-04 1.47e-02 9.89e-01
Multi Var. ViT (1E1D) 4.50e-04 1.51e-02 9.84e-01
Multi Var. U-Net 4.47e-04 1.48e-02 9.83e-01
Multi Var. ViT (1EMD) 4.23e-04 1.43e-02 9.88e-01

sfcWind
Bilinear 6.08e-03 5.81e-02 8.35e-01
Single Var. ViT 3.43e-03 4.36e-02 8.85e-01
Multi Var. ViT (1E1D) 3.33e-03 4.29e-02 8.76e-01
Multi Var. U-Net 3.35e-03 4.32e-02 8.69e-01
Multi Var. ViT (1EMD) 3.23e-03 4.21e-02 8.87e-01

zg500
Bilinear 2.55e-03 3.76e-02 9.95e-01
Single Var. ViT 1.90e-03 3.18e-02 9.95e-01
Multi Var. ViT (1E1D) 1.85e-03 3.14e-02 9.94e-01
Multi Var. U-Net 1.84e-03 3.17e-02 9.95e-01
Multi Var. ViT (1EMD) 1.80e-03 3.08e-02 9.95e-01

tp
Bilinear 6.00e-07 3.73e-04 9.97e-01
Single Var. ViT 4.46e-07 3.55e-04 9.97e-01
Multi Var. ViT (1E1D) 4.91e-07 3.94e-04 9.96e-01
Multi Var. U-Net 5.00e-07 4.09e-04 9.96e-01
Multi Var. ViT (1EMD) 4.32e-07 3.48e-04 9.97e-01

rsds
Bilinear 2.24e-02 1.01e-01 7.79e-01
Single Var. ViT 5.37e-03 5.02e-02 8.80e-01
Multi Var. ViT (1E1D) 5.03e-03 4.86e-02 8.76e-01
Multi Var. U-Net 5.00e-03 4.85e-02 8.75e-01
Multi Var. ViT (1EMD) 4.99e-03 4.83e-02 8.83e-01

rlds
Bilinear 6.70e-03 6.37e-02 9.17e-01
Single Var. ViT 3.06e-03 4.28e-02 9.43e-01
Multi Var. ViT (1E1D) 2.80e-03 4.03e-02 9.43e-01
Multi Var. U-Net 2.81e-03 4.05e-02 9.40e-01
Multi Var. ViT (1EMD) 2.78e-03 4.01e-02 9.47e-01

Table 19: Model performance comparison for downscaling from MPI-ESM-LR to RegCM4-6
for each variable, mean model performance across two independent runs. Best values for each
variable are underlined, the results are computed for variables normalized between 0 and 1. Best
results (including ties) are underlined.

120



Spatial and Temporal Correlations (MPI to RegCM)
Model Spatial corr (µ± σ) Temporal corr (µ± σ)

tas
Bilinear 0.910± 0.037 0.935± 0.016
Single Var. ViT 0.957± 0.024 0.956± 0.011
Multi Var. ViT (1E1D) 0.957± 0.024 0.956± 0.010
Multi Var. U-Net 0.955± 0.024 0.956± 0.011
Multi Var. ViT (1EMD) 0.958± 0.024 0.957± 0.010

sfcWind
Bilinear 0.602± 0.161 0.528± 0.096
Single Var. ViT 0.748± 0.113 0.605± 0.083
Multi Var. ViT (1E1D) 0.759± 0.109 0.636± 0.075
Multi Var. U-Net 0.755± 0.111 0.631± 0.081
Multi Var. ViT (1EMD) 0.765± 0.109 0.644± 0.073

zg500
Bilinear 0.929± 0.089 0.920± 0.033
Single Var. ViT 0.943± 0.073 0.935± 0.024
Multi Var. ViT (1E1D) 0.943± 0.070 0.937± 0.023
Multi Var. U-Net 0.944± 0.070 0.938± 0.023
Multi Var. ViT (1EMD) 0.944± 0.070 0.937± 0.023

tp
Bilinear 0.339± 0.173 0.340± 0.111
Single Var. ViT 0.411± 0.158 0.389± 0.112
Multi Var. ViT (1E1D) 0.341± 0.121 0.321± 0.116
Multi Var. U-Net 0.293± 0.142 0.298± 0.128
Multi Var. ViT (1EMD) 0.438± 0.150 0.407± 0.106

rsds
Bilinear 0.745± 0.165 0.826± 0.048
Single Var. ViT 0.885± 0.093 0.946± 0.016
Multi Var. ViT (1E1D) 0.894± 0.088 0.951± 0.014
Multi Var. U-Net 0.893± 0.088 0.950± 0.013
Multi Var. ViT (1EMD) 0.894± 0.087 0.951± 0.014

rlds
Bilinear 0.486± 0.168 0.703± 0.078
Single Var. ViT 0.791± 0.089 0.811± 0.053
Multi Var. ViT (1E1D) 0.808± 0.086 0.831± 0.054
Multi Var. U-Net 0.805± 0.088 0.830± 0.055
Multi Var. ViT (1EMD) 0.808± 0.088 0.829± 0.054

Table 20: Spatial and temporal Pearson correlations between model predictions and RegCM4-6 targets
for each variable. Spatial correlations are computed for each day and summarized as mean ± standard
deviation over time. Temporal correlations are computed at each grid point and summarized as mean
± standard deviation over space. Best values (including ties) are underlined.
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Figure 42: Comparison of the examined models (Single var ViT, multi var ViT 1E1D, Multi var ViT
1EMD), target RCM, and bilinearly interpolated GCM for a sample of the test set. For each sample,
each row contains Geopotential, Wind speed, Temperature, Total Precipitation, Surface Downwelling
Shortwave Radiation and Surface Downwelling Longwave Radiation for the same timestamp.

imaging studies [BMMG20, AMP+25, YHGH+24, HHGR+23, OIKY23]. All metrics are computed on
normalized data to enable cross-variable comparison as the variables differ in their units and ranges.

Table 19 reports the mean performance across two independent runs for all six variables. All deep-
learning models provide substantial improvements over the bilinear interpolation baseline. For example,
the MSE for near-surface temperature (tas) decreases from 9.97× 10−4 under bilinear interpolation to
4.34×10−4 with the Single-variable ViT. Similarly, for surface wind speed (sfcWind), the bilinear error
of 6.08× 10−3 is reduced by approximately half across all learned models. Comparable improvements
are observed for the remaining variables, confirming the value of learning-based downscaling across a
diverse set of atmospheric fields. A comparison of the MSE scores in a per-month plot is also reported
in Figure 46.

A second consistent pattern is that the Multi-var 1E1D ViT and the Multi-var U-Net achieve
nearly identical results for all variables. For instance, on rsds the two models obtain MSE values of
5.03× 10−3 and 5.00× 10−3, while on rlds they reach 2.80× 10−3 and 2.81× 10−3, respectively. This
close alignment suggests that architectural differences between transformer-based and convolutional
backbones are less influential than the broader design choice of using a single shared decoder when
performing multi-variable downscaling.

The comparison with the Single-variable ViT indicates that joint modeling through a single decoder
results in positive transfer for several variables. Both 1E1D and the U-Net improve upon the Single-
variable ViT for sfcWind (reducing MSE from 3.43× 10−3 to 3.33× 10−3 and 3.35× 10−3), for zg500
(from 1.90 × 10−3 to 1.85 × 10−3 and 1.84 × 10−3), for rsds (from 5.37 × 10−3 to 5.03 × 10−3 and
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Figure 43: Visualization of cross-variable leakage in the 1E1D and multi-variable U-Net models for
total precipitation and zg500. Four samples are shown, two for precipitation and two for geopotential
height. Using a high contrast colormap, we can clearly see high-frequency artefacts in the multi-
variable U-Net and 1E1D ViT, with faint outlines resembling European geography. This suggests
contamination from temperature and wind fields. These outlines are absent from the original data,
the single-variable model, and the multi-decoder 1EMD model.

5.00 × 10−3), and for rlds (from 3.06 × 10−3 to 2.80 × 10−3 and 2.81 × 10−3). These results indicate
that several variables benefit from shared representation learning across related atmospheric patterns.
In contrast, the Single-variable ViT performs better for tas and total precipitation (tp). For tas,
the MSE increases from 4.34 × 10−4 when using single-variable modeling to 4.50 × 10−4 (1E1D) and
4.47×10−4 (U-Net). For tp, the error increases from 4.46×10−7 to 4.91×10−7 and 5.00×10−7. These
results illustrate negative transfer for variables whose statistical or spatial characteristics are not well
accommodated by a shared decoder. Additionally, the 1E1D model exhibits cross-variable leakage in
zg500, with geographic artifacts emerging in the output, as illustrated in Figure 43.

The proposed 1EMD architecture achieves the best performance for all six variables. Relative to
the Single-variable ViT, the MSE decreases from 4.34× 10−4 to 4.23× 10−4 for tas, from 3.43× 10−3

to 3.23 × 10−3 for sfcWind, and from 4.46 × 10−7 to 4.32 × 10−7 for tp. The improvements are
consistent across the remaining variables as well. These results indicate that combining a shared
encoder with variable-specific decoders successfully incorporates the benefits of multi-variable modeling
while mitigating the negative transfer observed in single-decoder approaches. To further assess the
performance of 1EMD, a visual comparison of mean absolute error maps between 1EMD and bilinear
interpolation is reported in Figure 44.

Additionally, Table 20 reports spatial and temporal Pearson correlations for all variables and mod-
els. Spatial correlation quantifies, at each time step, the agreement between predicted and observed
spatial patterns and is summarized as mean ± standard deviation across time. Temporal correlation
analogously measures, at each grid point, the agreement between predicted and observed time series
and is summarized across space. Across variables, the spatial and temporal correlations reveal two
broad regimes of model behaviour. For tas and zg500, all learned models perform similarly, with
minimal differences between the single-variable and multivariate configurations. For rsds and rlds,
learned models also converge to closely aligned performance, though a modest improvement is still
observed when moving from single-variable to multivariate setups. In contrast, wind speed and to-
tal precipitation (tp) exhibit much larger performance spreads. For wind speed, the advantage of
1EMD is substantial: it clearly outperforms both the single-variable model and the other multivariate
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Figure 44: Mean absolute error maps for bilinear interpolation (top rows) and the 1EMD multi-variable
ViT (bottom rows). The top panel shows zg500, wind speed, and temperature; the bottom panel
shows precipitation, shortwave downwelling radiation, and longwave downwelling radiation. Errors are
computed over the full test set, with per-variable color scales.

variants, achieving the highest spatial and temporal correlations (up to 0.76 and 0.64, respectively),
whereas the alternative multivariate designs repeatedly underperform. Precipitation displays even
more pronounced differences: most multivariate models deteriorate markedly (e.g., temporal correla-
tion dropping to 0.32 in 1E1D), while 1EMD reaches 0.41, surpassing both the single-variable model
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(0.39) and all other multivariate approaches. Overall, 1EMD emerges as the most robust multivariate
design, with the largest gains observed for the more challenging variables.

Multi-variable models offer clear efficiency advantages by consolidating multiple downscaling tasks
into a single model, utilizing a single shared encoder thus reducing the number of computations and
requiring fewer model initializations overall. To quantify this, we measure the inference time for each
model to generate predictions over the 10-year test dataset. All models are run on the same hardware
and share a unified pre-processing pipeline.

In Table 21 we report the number of parameters, execution time, and training time for all models.
Although the 1EMD model has a substantially larger number of trainable parameters due to its six
independent decoders, its inference time remains similar to that of the 1E1D model. This is expected:
using six decoders instead of one increases the parameter count but does not significantly change the
number of arithmetic operations, as each decoder performs the same sequence of computations with
different weights. Moreover, the transformer encoder dominates the total computational cost, meaning
that differences in decoder size contribute only marginally to overall runtime.

Figure 45 presents the total runtime per model (in seconds), along with per-variable time for
multi-variable models which process all six variables simultaneously.

From an inference cost standpoint, executing six independent single-variable ViT models over
the 10-year test period would require a cumulative runtime of 6 × 817 s = 4,902 s. In contrast, the
multi-variable architectures complete the same six-variable downscaling task in 3,336–3,456 s. This
corresponds to a reduction in execution time of approximately 29%–32%, demonstrating that multi-
variable processing yields a substantial improvement in inference efficiency. It is important to note
that these timings exclude the additional overhead associated with loading and managing six separate
models (such as repeated weight initialization, memory allocation, and session handling) all of which
would further amplify the real-world efficiency gains of the multi-variable approach.

Training costs follow a similar pattern. Training six single-variable ViT models independently would
require 6 × 11,200 s = 67,200 s, whereas the multi-variable models achieve full six-variable training in
58,400–61,320 s. This represents an overall reduction of approximately 8%–13% in wall-clock training
time. As with inference, these estimates do not account for overheads inherent to conducting six
separate training runs (such as checkpoint management, logging, scheduling, and data loading) which
suggests that the effective operational efficiency of the multi-variable configurations is likely even
greater in practice.

Model Exec. Time (s) Train Time (s) Params (M)

Single-variable ViT 817 11 200 11.63
1E1D ViT 3 409 58 400 15.39
Multi-variable U-Net 3 336 61 320 5.20
1EMD ViT 3 456 60 200 32.25

Table 21: Computational cost and model complexity for the three examined ViT architectures. Exe-
cution time is measured over the entire 10-year test dataset. Training time corresponds to 400 training
epochs under identical hardware and hyperparameter settings.

6.5 Conclusion
In this paper, we have explored multi-variable deep learning approaches for climate downscaling,
specifically targeting the GCM-to-RCM emulation task. While most deep learning approaches focus
on modeling single variables, we have argued that jointly processing multiple variables can improve
both efficiency and predictive performance. Redundant modeling across variables can be avoided,
and information from one variable can enhance the prediction of another by capturing inter-variable
dependencies. To test this hypothesis, we designed three model configurations using a shared Vision
Transformer (ViT)-based encoder-decoder architecture. These configurations explore different strate-
gies for handling multiple variables, ranging from fully independent models to joint encoding with
separate decoders. This progression allowed us to assess the trade-offs between variable separation
and shared representation, culminating in our proposed Multi Var. ViT (1EMD) model, which com-
bines a shared encoder with dedicated decoders for each variable. To rigorously evaluate our methods,
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we established a consistent and fair comparison framework. All models share the same architecture,
differing only in the components necessary to support multi-variable processing. Training hyperparam-
eters, learning rate scheduling, pre-processing pipelines, and hardware resources were kept identical
across all experiments. Our results, based on a 10-year test set of held-out data, demonstrate that the
proposed Multi Var. ViT (1EMD) model consistently outperforms all other tested configurations. This
suggests that combining shared representations with variable-specific decoders is an effective strategy
for multi-variable downscaling. Overall, we have introduced an effective and straightforward method
for climate downscaling in a multi-variable context. By modeling variables jointly, our results suggest
a substantial gain in both performance and computational efficiency. Several open questions remain,
including how many variables can be effectively modeled together, which variables should be selected
to maximize performance, and whether more sophisticated loss functions could further enhance the
model’s capabilities.
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Figure 47: Empirical probability density functions (PDFs) of the six downscaled variables computed
over the test set and aggregated across all spatial grid points. Histograms are normalized such that
the total area equals one and are computed using common bin edges for the reference and downscaled
datasets.
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7 Synthesis and Discussion
This chapter synthesizes the main findings of the thesis and places them within the broader context of
meteorological downscaling. It connects the results of the three studies, highlighting how methodolog-
ical choices influence the model capabilities. The discussion begins by revisiting the main downscaling
paradigms and examining how neural approaches extend beyond dynamical and statistical frame-
works. It then compares the behavior of different neural architectures and explores two key themes
that emerged from this work: the ability of generative models to infer uncertainty from deterministic
data, and the trade-offs involved in multi-variable learning for efficient and scalable modeling.

7.1 Downscaling Paradigms: Dynamical, Statistical, and Neural
Downscaling methods refine coarse global climate information to regional scales. They are usually
divided into two families: dynamical approaches, which resolve physical processes, and statistical
approaches, which learn empirical relationships between large and local-scale variables.

Dynamical downscaling relies on regional or convection-permitting climate models nested within
global drivers to explicitly solve the governing equations of the atmosphere at higher resolution. This
approach is physically consistent and provides detailed process representations, but it comes at a very
high computational cost and is typically limited in domain size, ensemble spread, or simulation length.

Statistical downscaling, in contrast, establishes empirical relationships between large-scale predic-
tors and local climate variables. It is computationally efficient and widely used in climate services
and bias correction pipelines, but its validity depends on the assumption that relationships derived
from past data remain stationary under climate change, and on the availability of sufficiently long
observational records.

Neural models are often grouped under the umbrella of statistical downscaling. Yet this classifi-
cation is increasingly inadequate. Neural networks do more than replicate past relationships: they
can generalize patterns to new conditions, approximate physical processes from data alone, and, when
informed by physics-inspired architectures, embed explicit physical consistency into their outputs. In
this sense, neural approaches share properties with both statistical and dynamical models, bridging
the gap between them.

Thus, it may be argued that the traditional division between dynamical and statistical downscaling
is no longer sufficient. Neural methods are carving out a new methodological category of their own,
combining the efficiency of statistical models with the capacity to approximate and emulate physical
systems in ways that bring them closer to dynamical downscaling.

7.2 Broader Perspectives on Neural Downscaling
Neural downscaling, much like data-driven forecasting, is currently framed as an emulation task. Mod-
els are trained to reproduce the behavior of existing numerical systems, relying on their outputs as
training data. This dependency imposes a fundamental limitation: the achievable quality of neural
downscaling is bounded by the fidelity of the underlying numerical models. In practice, neural ap-
proaches inevitably inherit the deficiencies and biases present in the datasets that generated their
training targets. As a result, neural downscaling models are not yet positioned as complete replace-
ments for traditional numerical models, but rather as complementary companions. They rely on
physically based simulations to provide training data, yet they can efficiently emulate their outputs
once trained. This symbiosis highlights an interesting dynamic: while neural methods can dramati-
cally accelerate and simplify the production of high-resolution data, they still depend on physics-based
models to define what “realistic” means in the first place.

From a computational standpoint, neural networks occupy an entirely different efficiency regime
compared to traditional numerical models. Running high-resolution reanalyses or climate simulations
remains extremely resource-intensive, with only a handful of research centers worldwide possessing
the infrastructure and expertise to do so. In this context, neural approaches act as democratizing
technologies, enabling high-resolution downscaling on inexpensive hardware. This shift is likely to
lead, in the coming years, to a proliferation of deep learning–based downscaled datasets, broadening
scientific access to fine-scale climate information.

In terms of performance, image-based neural architectures, inspired by tasks such as denoising,
segmentation, and super-resolution, have proven remarkably effective for emulating downscaling trans-
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formations. Our experiments demonstrate that, when properly trained, such models can reproduce
the accuracy of the original high-resolution data when compared against in-situ observations.

A common concern lies in the dependence on historical training data. Since neural models are
trained on a fixed time period, their performance may degrade when applied to conditions that diverge
from the training distribution, for instance, due to long-term climate trends or changes in forcing
scenarios. While this limitation is conceptually valid, it may be mitigated by conditioning the models
on external predictors that encode slow-varying climate signals or scenario information. Moreover,
the observed ability of neural networks to capture physically consistent relationships suggests that,
with further development, they could eventually evolve into standalone downscaling systems requiring
minimal reliance on traditional models.

Finally, an active line of research concerns the generalization capabilities of neural downscaling
methods. This includes assessing their performance under domain shifts, such as transferring models
across regions (spatial generalization), across time periods (temporal generalization), or across data
sources (e.g., from reanalyses to climate simulations). These experiments are critical to understanding
the true robustness of neural downscaling and will likely define the next stage of research in this
emerging field.

7.3 Architectures for Neural Downscaling
In this thesis, a wide spectrum of neural architectures has been considered in order to cover the design
space of deep-learning approaches to downscaling. Each family of models offers distinct advantages
and limitations, reflecting different balances between efficiency, accuracy, and physical realism. Below,
we summarize the main characteristics of these architectures and discuss their role in the experiments
presented in this work.

MLPs. MLPs represent the earliest application of neural networks to downscaling and are included
here primarily for their historical and methodological significance. While they do not scale well to large
spatial domains and cannot capture spatial dependencies, they can still be practical in small or sparse
settings where spatial context is of limited importance. Beyond serving as simple baselines, MLPs
are also useful as diagnostic tools: by comparing their performance with spatially aware architectures,
researchers can quickly assess the extent to which spatial information contributes to improvements in
a given downscaling task.

CNNs. CNNs (e.g., ESPCNN, EDSR) provide satisfactory performance, particularly when compared
with trivial baselines such as direct interpolation. They are computationally inexpensive, can be
trained and run efficiently on modest hardware, and thus remain attractive in applications where cost
and efficiency are the primary constraints. However, they are easily outperformed by more advanced
architectures such as U-Nets and are rarely the method of choice when accuracy is the main objective.
In this thesis, CNNs were therefore employed primarily as benchmarking baselines.

U-Nets. U-Nets have become the standard architecture for image-to-image downscaling tasks. They
are versatile and generally robust, offering a strong balance between training stability, predictive
performance, and computational efficiency. Their main limitation lies in a tendency to produce overly
smoothed outputs, which can suppress high-frequency variability. In this thesis, we explored several
U-Net variants, including residual U-Nets, depthwise convolutions, and squeeze–excite blocks. Across
experiments, U-Nets consistently proved to be reliable baselines and effective backbones, confirming
their role as a safe and widely applicable first choice for neural downscaling.

ViTs. Vision Transformers (ViTs) are increasingly applied to imaging tasks and offer a range of
formulations, including hybrid convolution–transformer designs and sliding-window approaches. They
often achieve performance comparable to U-Nets while providing lower inductive bias and greater
flexibility, particularly in capturing long-range dependencies and multi-variable relationships. In this
thesis, ViTs were used both as benchmarks and as the backbone for our multi-variable downscaling
architecture. By adopting a skip-connection–free design, we were able to extend the model into a
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straightforward and effective multi-task framework, demonstrating strong performance and computa-
tional efficiency. These results suggest that ViTs may emerge as the next standard for deterministic
neural downscaling.

GANs. enerative Adversarial Networks (GANs) represented the state of the art in non-deterministic
generation prior to the emergence of diffusion models. They remain attractive for their efficiency,
which often surpasses diffusion approaches at inference, but their practical use has been hindered by
well-known issues of training instability and susceptibility to artifacts. As a result, GANs have largely
been displaced by diffusion models for ensemble downscaling. Nevertheless, they continue to serve
as valuable benchmarks, particularly given the limited number of non-deterministic neural methods
available. In this thesis, we employed GANs primarily in this comparative role, using a conditioned
variant of DC-GAN.

Diffusion Models. Diffusion models are among the most advanced and promising architectures in
the downscaling landscape. Their mathematical foundations are relatively complex, and many aspects
of their optimal configuration (such as noise scheduling, normalization, and conditioning) remain
the subject of ongoing research. Despite this, they have surpassed GANs in terms of stability and
reliability, offering predictable training dynamics while enabling high-fidelity generation across a wide
range of domains. In this thesis, we applied diffusion models in multiple ways: first in a deterministic
setting, where averaging across multiple samples yielded results that outperformed competing methods,
although at higher computational cost; and subsequently in a non-deterministic ensemble framework,
where we introduced a theoretical basis for variance tuning. Overall, diffusion models emerge as
powerful, modern architectures that set the current state of the art for uncertainty-aware downscaling.

Model type Key
characteristics

Strengths Limitations Typical use
cases

MLPs Fully connected,
non-spatial

Simple, fast, easy
to train

Cannot capture
spatial structure,
bound to small size

Early baselines;
conceptual bench-
mark, non-spatial
circumstances

CNNs Convolutional fil-
ters, local receptive
fields

Efficient, stable,
capture spatial
patterns

Limited long-range
dependency model-
ing; oversmoothing

Largely superseded
by U-Net designs,
only valuable for
high efficiency ap-
plications

U-Nets Encoder–decoder
with skip connec-
tions

Versatile, combines
ease of training
with reliable per-
formance and effi-
ciency

May blur high-
frequency details,
deterministic mod-
elling

Widely used, the
standard for neural
downscaling

GANs Generator–
discriminator
training with ad-
versarial loss

Generates sharp
details; non-
deterministic
model

Training instabil-
ity, no guarantee of
convergence; risk
of artifacts

Rarely used, high
efficiency non-
deterministic gen-
eration

ViTs Self-attention
across image
patches

Captures long-
range dependen-
cies; better suited
for multi-variable
inputs

Weaker architec-
tural priors than
U-Nets, often lead-
ing to reduced
training stability

Promising for
multi-variable
downscaling;
strong state-of-
the-art results

Diffusion Models Iterative denoising,
probabilistic for-
mulation

Stable training;
controllable ensem-
bles uncertainty

Computationally
costly at inference;
still new in climate

Suitable for ensem-
ble generation and
uncertainty-aware
downscaling

Table 22: Overview of main neural architectures applied to meteorological downscaling, with key
characteristics, strengths, limitations, and typical use cases.

130



7.4 Learning Uncertainty from Deterministic Data
A particularly intriguing outcome of this work lies in the behavior of the ensemble diffusion model.
As reported in Section 5, despite being trained solely on deterministic CERRA data and without
access to CERRA-EDA or any explicit information on spatial or temporal uncertainty, the model
successfully learns to generate ensemble members that exhibit realistic variability. In doing so, it
infer the underlying structure of uncertainty directly from the data itself, rather than learning it from
predefined examples.

This result challenges the conventional view of neural models as simple emulators of existing nu-
merical models. Instead, it demonstrates that generative diffusion models are capable of creating new
information, capturing statistical properties that are not explicitly encoded in the training data.

One of the most remarkable findings of this thesis is that the variance produced by the diffusion
model can be quantitatively aligned with reference ensemble datasets such as CERRA-EDA, despite
never having seen them during training. This confirms that the uncertainty expressed by the generated
ensembles is physically meaningful and statistically consistent with observed variability.

More broadly, this capability may be interpreted as a form of generalization beyond the determin-
istic domain. The model’s ability to infer uncertainty from single-sample time series raises interesting
questions: if a neural system can infer ensemble statistics from deterministic data, could similar mech-
anisms be used to learn domain or temporal generalization? This perspective opens new research
directions at the intersection of generative modeling and physical uncertainty representation.

In conclusion, ensemble generation emerges as one of the most promising and impactful applications
of neural downscaling models. Recent research has begun to recognize and exploit these capabilities,
suggesting that diffusion-based approaches could play a central role in the next generation of data-
driven ensemble systems.

7.5 The Trade-offs of Multi-Variable Approaches
Multi-variable approaches likely represent the next development in neural downscaling. Modeling each
meteorological variable as an isolated field introduces inconsistencies among variables, as indepen-
dently trained models may diverge in their spatial structures. This separation offers no guarantee of
overall physical continuity or inter-variable coherence, two essential aspects for realistic downscaled
datasets. It is therefore difficult to imagine the future of data-driven downscaling continuing to rely
on entirely independent models, each responsible for a single variable, as has been common practice
until now. Multi-variable multi-task frameworks appear to be a natural evolution toward more inte-
grated and physically consistent modeling. However, agreeing on the need for multi-tasking is only
the beginning; implementing it effectively is a far more complex challenge. Multi-variable training
introduces a range of practical and theoretical difficulties. Larger models require higher computational
costs, and their unified structure removes the compartmentalization that makes single-variable models
straightforward to design and optimize. A multi-task model must perform satisfactorily across all vari-
ables simultaneously, which complicates loss design, increases training instability, and often impedes
fine-tuning for individual variables. Moreover, such models typically require all input variables to be
available at once, reducing operational flexibility, although this constraint can be relaxed with specific
architectural formulations. Despite these drawbacks, multi-variable modeling remains a compelling
direction. The key to success lies in maximizing positive transfer (the beneficial exchange of shared
information among variables) while minimizing negative transfer, where interference between vari-
ables degrades performance. In this thesis, we addressed these challenges through a shared-encoder,
multi-decoder architecture. The encoder jointly processes all variables, learning a shared latent rep-
resentation that captures their interdependencies, while separate decoders reconstruct each variable
individually at high resolution. This design leverages shared information during encoding without
forcing the variables to interfere in the decoding phase. To assess the benefits of multi-tasking ob-
jectively, we conducted controlled experiments ensuring a fair comparison between single-variable and
multi-variable models. Architectures, hyperparameters, and computational resources were carefully
aligned across experiments. The results clearly indicate that multi-variable learning yields measur-
able performance improvements, confirming that cross-variable information can indeed be exploited
effectively. In conclusion, multi-variable approaches are both conceptually natural and empirically
beneficial. While their implementation remains challenging, they represent a promising foundation for
future neural downscaling frameworks. The proposed shared-encoder, multi-decoder structure offers a
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practical backbone upon which more sophisticated, physically informed designs can be developed.
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8 Conclusions and Future Work
This chapter concludes the thesis by summarizing its main contributions and outlining research di-
rections. It consolidates the results of the three studies, highlighting their methodological advances
and collective impact on neural meteorological downscaling. The first part provides an overview of the
contributions and limitations of each paper, situating them within the broader context of data-driven
downscaling. The second part discusses the implications of these findings for the field and identifies
the emerging role of diffusion-based and multi-variable architectures. Finally, the chapter presents fu-
ture research opportunities aimed at expanding and refining the proposed methodologies toward more
scalable, stable and effective neural frameworks.

8.1 Summary of the Thesis Contributions
This thesis has sought to advance the state of the art in meteorological downscaling using neural tech-
niques. Alongside providing a general overview of the field, including a historiographic perspective and
a proposed design space of downscaling architectures, the thesis presents three original research papers.
Each addresses a distinct challenge in data-driven downscaling: the first applies and benchmarks diffu-
sion models for super-resolution downscaling of wind speed, introducing an ensemble formulation that
outperforms competing approaches; the second develops a theoretical framework for variance control
in diffusion ensembles and demonstrates its practical use for generating calibrated ensemble members;
and the third explores multi-variable, multi-task Vision Transformer architectures, showing that under
fair comparison conditions, multi-variable modeling yields consistent advantages over single-variable
alternatives. Beyond these individual contributions, the thesis also offers a broader discussion of the
field, argues for methodological shifts in perspective, and provides insights on current limitations and
future research directions. The following sections summarize in detail the specific contributions of each
paper.

8.1.1 Paper I

This paper [4] demonstrated the application of diffusion models for meteorological downscaling, focusing
on wind speed over the Italian peninsula. In addition to benchmarking multiple neural architectures,
the study introduced an ensemble diffusion formulation and evaluated its performance against both
reanalysis products and ground observations.

• Applied state-of-the-art super-resolution diffusion models to downscale wind speed from ERA5
to CERRA in a fully data-driven manner, without requiring supplementary data, and designed
experiments centered on the Mediterranean region around Italy.

• Trained a diverse set of models for comparison, including ESPCNN, EDSR, SwinLSTM, SRGAN,
U-Net, ViT, and both Single and Ensemble Diffusion.

• Proposed an Ensemble Diffusion formulation where multiple generations are combined via the
mean to provide more accurate downscaling.

• Showed that even simpler neural super-resolution models consistently outperform classical inter-
polation techniques such as bilinear upscaling.

• Demonstrated strong alignment between data-driven downscaling and traditional physics-based
reanalyses, validated both by similarity to CERRA outputs and by comparison with in-situ
ground station observations.

• Identified the Ensemble Diffusion with mean output as the most accurate among the tested
methods, yielding outputs of higher quality than ERA5 and more closely aligned with real-world
measurements.

• Highlighted the advantage of neural models in addressing the long delays of physics-based reanal-
ysis products (e.g., CERRA lagging over two years at the time of the study), since only ERA5
is required to generate timely outputs.
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• Established the computational efficiency of neural models relative to traditional physics-based
approaches.

• Exploited the hourly availability of ERA5 to augment temporal resolution, producing hourly
downscaled outputs compared to CERRA’s 3-hour resolution. We not only can generate crucial
missing data, but we can do it with higher temporal resolution.

8.1.2 Paper II

This paper [5] advanced the theoretical understanding of ensemble diffusion by formally linking vari-
ance to the number of reverse diffusion steps. Building on this insight, the study introduced a practical
variance calibration strategy and architectural improvements to scale diffusion models across the full
ERA5-to-CERRA domain. The approach was validated against the CERRA-EDA ensemble and ex-
tended to CARRA-EAST, positioning ensemble diffusion as both a tool for efficient ensemble generation
and a framework for diagnosing limitations in existing ensemble datasets.

• Provided a formal proof of the relationship between ensemble variance and the number of reverse
diffusion steps, establishing the reverse step size ∆t as both an efficiency factor and the key
mechanism for variance control.

• Highlighted the overlooked effect of variance convergence at high diffusion steps, a common
assumption in prior work, and showed that optimal results are achieved well before convergence
(at around 8 steps).

• Applied an ensemble diffusion model to the full-domain ERA5-to-CERRA downscaling task at
high spatial and temporal resolution, introducing architectural improvements to scale diffusion
models across large domains, including a scaling factor in the noise scheduler to mitigate denoising
difficulty.

• Demonstrated that variance tuning via step count enables the model to match the global mean
variance and mean variance discrepancy of CERRA-EDA, while also producing efficient ensembles
at full CERRA resolution (3h temporal extended to 1h, and full spatial coverage), outperforming
the reduced-resolution CERRA-EDA and remaining feasible on workstation hardware.

• Extended the ensemble diffusion methodology from CERRA to CARRA-EAST, confirming ro-
bustness and applicability to datasets without existing ensemble information.

• Positioned the method as a validation tool for existing ensembles, with discrepancies offering
insights into model limitations or potential weaknesses in ensemble datasets, and identified re-
gional discrepancies (e.g., North Africa in summer) likely due to either modeling challenges or
data scarcity.

8.1.3 Paper III

This paper [6] investigated multi-variable multi-task climate downscaling using Vision Transformers,
introducing a shared-encoder, multi-decoder architecture (1EMD) to emulate Regional Climate Models
from coarse GCM inputs. By jointly modeling surface temperature, wind speed, 500 hPa geopotential
height, total precipitation, surface downwelling shortwave radiation, and surface downwelling longwave
radiation, the study evaluated the benefits and challenges of multi-variable processing, demonstrating
improved accuracy, efficiency, and cross-variable consistency compared to single-variable and simpler
multi-variable alternatives.

• Proposed a multi-variable Vision Transformer (ViT) architecture for climate downscaling, using
a shared encoder with variable-specific decoders (1EMD), designed to emulate Regional Climate
Models (RCMs) from coarse Global Climate Model (GCM) inputs.

• Focused on six diverse climate variables over the European domain: surface air temperature
(tas), surface wind speed (sfcWind), 500 hPa geopotential height (zg500), total precipitation
(tp), surface downwelling shortwave radiation (rsds), and surface downwelling longwave radiation
(rlds), capturing both smooth and high-frequency spatial structures.
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• Established single-variable ViT baselines and introduced two multi-variable transformer variants:
1E1D (shared encoder-decoder) and 1EMD (shared encoder with dedicated decoders), enabling a
controlled and reproducible comparison under identical training conditions. In addition, a multi-
variable U-Net was included as a widely adopted convolutional baseline, providing architectural
diversity in the evaluation.

• Demonstrated that both the simpler 1E1D transformer and the multi-variable U-Net suffer from
cross-variable interference, including visible artifacts and degraded spatial and temporal corre-
lations for precipitation and geopotential height. These findings highlight the risks of treating
heterogeneous physical variables as independent image channels within a fully shared decoding
pipeline.

• Showed that the proposed 1EMD model mitigates interference while exploiting shared spatial
representations, consistently outperforming single-variable ViTs, 1E1D, and multi-variable U-Net
baselines across all six variables, with particularly strong gains for wind speed and precipitation.

• Quantified the computational benefits of joint modeling, achieving approximately 29–32% lower
inference time per variable compared to executing six independent single-variable models, while
also reducing overall training cost.

• Positioned multi-variable ViTs as an effective and scalable framework for high-resolution GCM-
to-RCM emulation, demonstrating gains in both accuracy and efficiency while highlighting open
questions on scalability to larger variable sets and more complex physical constraints.

8.2 Limitations
This section summarizes the main limitations emerging from this thesis. The discussion is organized
in three layers. First, general limitations that affect the entire field of neural downscaling are outlined,
providing a contextual framework for interpreting the results presented in this thesis. The following
two subsections then focus on specific methodological and empirical constraints encountered in the
ensemble diffusion and multi-variable vision transformer frameworks developed in this work. This
distinction allows for a clear separation between the structural challenges of neural downscaling as a
discipline and the more concrete limitations specific to the implementations proposed here.

General Limitations of Neural Downscaling

• Dependence on physics-driven datasets: Neural downscaling currently depends on training
data generated by numerical, physics-based models (e.g., reanalyses or RCMs). Decoupling
from these sources, by learning directly from observations or self-consistent physical constraints
, remains an open and largely unresolved challenge. This dependency limits the independence of
neural models and risks propagating existing model biases.

• Stationarity assumption: Most models implicitly assume that statistical relationships between
coarse and fine scales remain stationary across time, space, and climate regimes. This assumption
may break under climate change, where physical processes can shift significantly.

• Neglect of temporal dynamics: Most neural downscaling models operate on temporally
independent samples, ignoring the sequential and dynamical nature of the climate system. This
can limit their ability to represent persistence, feedbacks, and compound or extreme events.

• Lack of physical interpretability: Neural networks often function as black boxes, providing
accurate predictions but limited insight into the underlying physical mechanisms. This hampers
scientific understanding, model trust, and adoption in regulatory or decision-making contexts.

• Limited physical consistency: Purely data-driven models may violate conservation laws (e.g.,
mass, energy, water), physical balances (e.g., hydrostatic or geostrophic), or thermodynamic
relationships, leading to physically implausible outputs even when statistical scores are high.
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• Limited transferability: Neural downscaling models are often highly sensitive to the reso-
lution, region, and temporal domain they were trained on. This hinders their generalization
and forces repetitive retraining for similar tasks across datasets, variables, or domains. Such
redundancy leads to wasteful computational expenditure and hinders scalability.

• Under-representation of global south: Relying on existing dataset, like reanalyses and
simulations, reflects clearly the fact that most available data, especially high resolution data,
is located in europe, east asia and north america. This creates an under representation of the
global south, which translates to uneven performance from neural models.

• Uncertainty representation: As of now, most operational neural models are deterministic,
producing a single best estimate rather than an ensemble or probability distribution.

• Evaluation bias toward image-based metrics: Current assessment practices rely heavily on
statistical or perceptual similarity measures (e.g., MSE, SSIM), which may not reflect physically
meaningful accuracy in terms of extremes, trends, or conservation properties.

• Lack of fair comparison: Ensuring fairness in model comparison is often as demanding as
developing new models themselves. Differences in tuning, computational requirements, and im-
plementation details can heavily bias results, making many reported comparisons only partially
valid.

Ensemble Diffusion Limitations

• Single-variable focus: Our ensemble diffusion approaches are applied only to wind speed,
leaving open its generalization to other variables with different spatial statistics.

• Step-count calibration sensitivity: The optimal number of diffusion steps varies by region
and season, suggesting that a universal calibration rule may be infeasible without further theo-
retical insight.

• Computational cost: Ensemble diffusion models require multiple reverse diffusion steps for
each generated sample, and multiple such samples to form an ensemble. This iterative pro-
cess results in substantially higher computational demands compared to alternative downscaling
approaches.

• Theoretical limitation: Although variance tuning is a valuable feature, the lack of convergence
toward the expected variance with increasing diffusion steps is not yet theoretically understood.

Multi-Variable and Multi-Task Limitations

• Variable selection scope: The study focuses on six key variables (tas, sfcWind, zg500, tp,
rsds, rlds), providing a diverse but limited representation of atmospheric processes. Expanding
the approach to include additional variables would further test its generality.

• Fixed model architecture: Only a ViT backbone was explored. Other multi-task architectures
(e.g. Swin Transformer) may obtain different results.

• Simplified training loss: The uniform MSE loss treats all variables equally, overlooking
variable-specific dynamics and potential physical interdependencies.

8.3 Broader Impact on Neural Downscaling
The research presented in this thesis has had a considerable impact on the field of neural down-
scaling. In our first paper, we proposed one of the earliest applications of ensemble diffusion to
meteorological downscaling, showing that a mean-ensemble formulation can outperform competing
approaches. This finding sparked increased interest in diffusion-based techniques for downscaling
[LGG24, TFC25, TXY+25, SHP+24, ZXYW25], which have since been extended to a variety of do-
mains. In our second paper, we pioneered variance control for ensemble diffusion calibration, enabling
the matching of generated uncertainty to existing reference ensembles. This development provided
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the research community with a valuable tool for tuning generative variance as needed. Notably, the
previous paradigm in diffusion modeling assumed that the generative variance converged to that of the
training dataset. Our work refined this understanding by showing that diffusion variance instead tends
toward a fixed value (potentially distinct from the target) and that it can be systematically adjusted
through the number of diffusion steps. While the broader implications of this formulation are still
being investigated, it has already inspired several studies exploring diffusion-powered approaches to
uncertainty calibration. Finally, our multi-variable, multi-task formulation revealed that, under fair
and consistent comparisons, jointly modeling several meteorological variables allows the model to ex-
ploit inter-variable interactions and outperform single-variable alternatives. The core innovation lies in
a simple yet effective architectural modification: instead of training a separate encoder–decoder model
for each variable, a single shared encoder can be coupled with multiple decoders, one per variable. This
adjustment requires minimal changes to existing encoder–decoder pipelines, making it straightforward
for researchers already using such architectures to experiment with multi-variable learning. Despite
its simplicity, the approach consistently yields performance gains and offers a practical entry point for
testing joint modeling without added complexity. It is therefore foreseeable that future work in neural
downscaling will increasingly adopt such multi-variable extensions, building upon the methodological
foundation established here.

8.4 Future Work and Developments
Building on the methods and findings presented in this thesis, numerous research directions emerge,
both within the proposed frameworks and toward broader methodological advancements.

Variance Calibrated Ensembles

Several open questions remain regarding the variance-controlled ensemble diffusion framework:

• Extension to other variables. The present work focused primarily on wind speed. It remains
to be explored whether variables with smoother spatial behavior (e.g., temperature, geopotential
height) or highly intermittent distributions (e.g., precipitation) exhibit similar variance dynamics.
Preliminary experiments suggest so, but systematic validation is needed.

• Robustness across domains. Our analysis concentrated on the ERA5–CERRA domain. Fu-
ture experiments could assess whether the same behavior holds in other geographical or clima-
tological contexts. Further, datasets such as ERA5-Ensemble offer valuable opportunities for
expanded validation, including on extreme events and the tails of uncertainty distributions.

• Extension to forecasts and simulations. The methodology could be tested beyond reanaly-
ses, for instance on operational forecasting systems or long-term climate simulations, to evaluate
whether automated ensemble generation maintains its effectiveness across data regimes and tem-
poral scales.

• Architectural refinements. The diffusion model design itself is not definitive. Potential
improvements include the use of depthwise separable convolutions or transformer-based denoisers,
as well as the systematic exploration of reverse diffusion schedules and their effect on variance
dynamics and image quality.

• Linking variance to physical uncertainty decomposition. Current work calibrates vari-
ance empirically, but it could be insightful to study whether physical sources of uncertainty
(model error, initial conditions, boundary conditions) map in identifiable ways to the diffusion
variance. This could bridge machine-learning uncertainty with classical ensemble meteorology.

• Uncertainty as diagnostic. The proposed calibration method could serve as a diagnostic tool
for datasets lacking explicit uncertainty information, helping identify regions of high variance
and inconsistencies in data collection or model formulation.

• Consistency and distillation models. Recent “consistency models” offer a promising avenue
to distill multi-step diffusion processes into single-step approximations, dramatically improving
efficiency. Their applicability to meteorological downscaling remains untested but highly relevant.
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• Latent diffusion. Stable diffusion employs a variational autoencoder to perform diffusion in
latent space, trading fidelity for efficiency. While meteorological downscaling prioritizes accuracy
over variability, it remains worthwhile to experimentally verify the limits of this approach.

Multi-Task Downscaling

Future developments can also enhance and generalize the proposed multi-variable formulation:

• Integration with ensemble diffusion. A natural next step would be to integrate the multi-
task architecture as a denoiser within the ensemble diffusion framework, producing multi-variable,
internally consistent ensemble members.

• Advanced loss design. The initial formulation used a simple mean of normalized losses. More
complex variable combinations will require carefully designed, weighted or physically informed
loss functions to ensure balanced optimization across variables.

• Physical constraints. Incorporating soft or hard physical constraints could improve opera-
tional reliability, ensuring that the model adheres to conservation laws and dynamic consistency,
especially under extreme conditions.

• Architectural extensions. The current 1EMD model deliberately excludes skip connections
to prevent variable interference. Future work could explore ways to safely reintegrate skip con-
nections or adopt transformer-based decoders (e.g., Swin architectures) to further enhance per-
formance.

• Scalability to many variables. The current experiments used six representative variables.
Expanding to larger sets could reveal how performance scales and where multi-task learning
begins to saturate or degrade.

Broader Research Directions

Finally, several cross-cutting research opportunities are worth exploring:

• Cross-domain interoperability. A key question is whether models trained on one dataset
type (e.g., high-resolution reanalyses) can generalize or be adapted to others (e.g., operational
forecasts) through transfer learning or distribution alignment.

• Toward foundational models for downscaling. With growing interest in foundational mod-
els for meteorology, future work may investigate whether a general-purpose backbone trained on
diverse datasets can be fine-tuned for specific downscaling tasks.

• Domain adaptation under climate change. Study whether models trained on historical
data generalize under future climate distributions. Initial experiments reveal surprising results,
as climate change induced smoothing may actually improve the quality of predictions.

• Operational integration. Bridging the gap between experimental and operational settings
remains a major challenge. Future studies should address model deployment, optimization for
cloud environments, and data management pipelines to translate neural downscaling into viable
alternatives to traditional numerical methods.

• Energy and carbon footprint. Evaluate how ensemble diffusion can be made energy-efficient
through distillation or quantization, given the high computational costs of inference, expecially
for diffusion models.

• Additional evaluation metrics Error metrics such as MSE, RMSE, and SSIM provide a solid
indication of the relative performance of the neural models. However, assessing their applicability
to real-world climate applications requires additional diagnostics, including regime-dependent
analyses (e.g., North Atlantic Oscillation phases), percentile-based metrics, and quantile–quantile
plots, among others.
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In closing, I hope this thesis has effectively conveyed that deep learning for meteorological downscal-
ing is poised to reshape our approaches to climate modeling in ways that are not yet fully understood.
Throughout this thesis, we explored the vast design space of deep learning and showed that it can not
only emulate existing climate models but also transcend them, for example by learning uncertainty
from deterministic data. I hope that this work will stand as a small step toward extending the ca-
pabilities of neural downscaling and contributing to a more comprehensive understanding of Earth’s
climate. A knowledge that, I hope, will ultimately serve to safeguard and appreciate our beautiful
planet.
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