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Abstract

High-resolution climate information is essential for risk assessment and adaptation, yet the gap
between coarse Earth system model output and local scales persists. We synthesize synthesizes
machine-learning (ML) approaches for climate downscaling from 20102025 across classical methods,
convolutional super-resolution, generative models (GANs/VAE-GANS), diffusion, and transformers.
We highlight what each class actually delivers for practitioners—improvements in spatial structure,
calibration, and depiction of extremes—alongside limitations that remain: sensitivity to training
losses and data, non-stationarity under warming, physical (in)consistency, and reliable uncertainty
quantification. We connect methodological choices (e.g., residual vs. plain CNNs; intensity-aware
losses; spectra-aware evaluation; ensemble generation) to changes in verified skill and failure modes.
Our assessment yields practical guidance: pair strong linear /bias-correction baselines with structure-
and tail-aware metrics; stress-test under warming; prefer probabilistic generators when ensembles are
required; and evaluate multivariate coherence when multiple variables are downscaled. We close with
priorities for the next decade: physics-aware objectives, robust out-of-distribution (OOD) detection
and adaptation, scalable transfer across regions and resolutions, and trustworthy evaluation protocols.

Keywords: climate downscaling; machine learning; deep learning; transferability; physical consistency;
explainable AI; uncertainty quantification

1. Introduction: The Imperative for High-Resolution Climate Projections and the
Rise of Machine Learning

1.1. Positioning This Review in the Literature

While the application of machine learning (ML) to climate downscaling is a burgeoning field,
this review provides a distinct and timely contribution by offering a broad, critical synthesis of
methodologies, persistent challenges, and future research trajectories from 2010-2025. Our work
differs from more focused empirical studies, such as the influential intercomparison by Vandal et al.
[1], which conducted its own experiments to evaluate a specific set of ML methods for downscaling
daily precipitation in a single region. Rather than performing a new empirical analysis, our review
synthesizes the findings from a multitude of such studies across diverse variables, geographies, and
model architectures.

Furthermore, our scope is broader than that of critical methodological papers like Rampal et al.
[2], which delved deeply into the specific, vital challenge of model interpretability by demonstrating a
visualization technique for a convolutional neural network. While we analyze and incorporate the
insights from such explainability research, our aim is to assess the entire ecosystem of ML downscaling,
from model selection to the representation of extremes and physical consistency.

Our review also complements recent comprehensive surveys like Rampal et al. [3], which provides
an excellent overview of recent ML advancements, covers both observational downscaling and regional
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climate model (RCM) emulation, and discusses key research gaps and evaluation strategies. While
Rampeal et al. [3] provides an essential and comprehensive guide to recent advancements, our review
builds upon this by offering a more critical synthesis structured specifically around the "performance
paradox" and "trust deficit" to provide targeted, prescriptive guidance. This review offers a unique,
consolidated synthesis for the contemporary deep learning era by:

1.  Creating a novel taxonomy that explicitly maps different classes of ML models—from CNN5s
and GANSs to Transformers and Diffusion Models—to the specific downscaling challenges they
are best suited to address.

2. Conducting a critical analysis of the “performance paradox,” where high statistical skill on
historical data often fails to translate to robust performance under the non-stationary conditions
of future climate change.

3.  Proposing a practical evaluation protocol and charting clear, targeted research priorities to guide
the community towards developing more physically consistent, trustworthy, and operationally
viable models.

This positioning is further clarified by contrasting our work with other foundational papers.
Foundational reviews like Maraun et al. [4] covered the state of the art before the deep learning
revolution. Large-scale benchmark studies, such as the VALUE project summarized by Gutiérrez et al.
[5], are invaluable experimental intercomparisons, whereas our work is a synthesis of such literature.
High-level perspective papers like Reichstein et al. [6] argue for DL across all of Earth system science,
while our review provides a deep, practical dive specifically into the domain of climate downscaling.

Contributions of this review. This review provides three unique contributions: (i) a novel
taxonomy mapping ML model families to the specific downscaling failure modes they address (e.g.,
texture, extremes, non-stationarity); (ii) a prescriptive, operational evaluation protocol for ensuring
robust and comparable model assessment; and (iii) a forward-looking research agenda focused on the
critical frontiers of physics-awareness and out-of-distribution generalization.

1.2. Overview of the Review’s Scope and Objectives

This review aims to provide a comprehensive and critical analysis of the application of machine
learning models in climate downscaling. The primary objectives of this review are framed by three
central research questions:

RQ1: Evolution of Methodologies: How have ML approaches for climate downscaling evolved
from classical algorithms to the current deep learning architectures, and what are the primary capabili-
ties and intended applications of each major model class?

RQ2: Persistent Challenges: What are the critical, cross-cutting challenges that limit the operational
reliability of contemporary ML downscaling models, particularly regarding their physical consistency,
generalization under non-stationary climate conditions, and overall trustworthiness?

RQ3: Emerging Solutions and Future Trajectories: What methodological frontiers including
physics-informed learning (PIML), robust uncertainty quantification (UQ), and explainable Al
(XAI)—hold the most promise for addressing these key challenges and guiding future research?

Scope is primarily spatial downscaling (super-resolution and pointwise SD). We briefly note
temporal downscaling (e.g., TemDeep [7]) but do not attempt a full review of time-aggregation,
seasonal adjustment, or sub-daily temporal refinement. The review will delve into the rationale behind
model and data choices, analyze factors contributing to model success or failure, provide comparative
analyses of different ML techniques, and discuss ongoing efforts to overcome the field’s most pressing
challenges. Ultimately, this work seeks to serve as an essential resource for researchers and practitioners
navigating the complex and rapidly evolving landscape of ML in climate downscaling.
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Key Concept: Performance Paradox

A key finding highlighted in this review is the "performance paradox"—excellent in-sample re-
sults often contrast with poor extrapolation to future, out-of-distribution climate scenarios—and
an associated "trust deficit".

Throughout, we use performance paradox as the umbrella framing; where we say transferability
crisis, we mean the same core phenomenon—poor out-of-distribution generalization under non-
stationarity driven by covariate and concept drift.

2. Scope and Approach

This article is a narrative synthesis of recent research at the intersection of machine learning
for climate and downscaling. Our goal is to distill design patterns, recurring pitfalls, and practical
considerations rather than to provide an exhaustive catalogue. We focused on peer-reviewed work
and influential preprints in climate, hydrology, and machine learning venues from 2010 to 2025,
emphasizing studies that report transparent evaluation and are frequently referenced by the community.
Coverage is selective and representative; when multiple papers make closely related contributions, we
prioritize those with clearer methods, public code/data, or broader impact. Where appropriate, we
group findings thematically and highlight open problems and promising directions.

3. Background: The Downscaling Problem
3.1. The Scale Gap in Climate Modeling and the Need for Downscaling

Global Climate Models (GCMs) serve as fundamental instruments for comprehending and fore-
casting climate change. However, their inherent coarse spatial resolution, typically ranging from 50
to 300 kilometers, presents a significant limitation for assessing climate change impacts at regional
and local scales. This resolution is often inadequate for informing decisions in critical sectors such as
agriculture, hydrology, energy resource management, urban planning, and disaster risk preparedness,
all of which necessitate detailed, high-resolution climate information [4,8]. Downscaling techniques
are therefore essential to bridge this "scale gap"—a challenge long recognized in climate science—
transforming coarse GCM outputs into finer-scale climate projections that are relevant for localized
impact studies and adaptation planning. The fundamental driver for the increasing adoption of
machine learning (ML) in this domain is precisely this critical need for high-resolution climate data
that GCMs cannot directly furnish, coupled with the inherent limitations of pre-ML downscaling
methodologies.

3.2. Limitations of Traditional Downscaling Methods

Historically, two primary approaches have been employed for climate downscaling: dynamical
downscaling and statistical downscaling.

3.2.1. Dynamical Downscaling (DD)

Dynamical Downscaling (DD) utilizes Regional Climate Models (RCMs), which are physics-based
models run at higher resolutions over a limited area, driven by boundary conditions from GCMs.
While DD provides physically consistent high-resolution outputs, it is exceptionally computationally
intensive. For instance, the computational budget to simulate the global climate at 100 km resolution
would be insufficient to dynamically downscale a region the size of Spain to 10 km [9]. This high
computational cost severely restricts its application for downscaling large ensembles of GCMs, multi-
ple future scenarios, or extended time periods, which are necessary for comprehensive uncertainty
assessment. By contrast, RCMs themselves can introduce their own systematic biases [10].
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3.2.2. Statistical Downscaling (SD)

Statistical Downscaling (SD), in its traditional forms (e.g., regression models, weather generators,
analog methods), establishes empirical relationships between large-scale GCM predictors and local-
scale climate variables (predictands) [11]. These methods are computationally far less demanding
than DD. However, they often depend on strong assumptions, most notably the stationarity assump-
tion—the premise that the statistical relationships derived from historical data will remain valid under
future, potentially very different, climate conditions. This assumption is increasingly challenged by the
non-stationary nature of climate change, a central theme explored in this review as it fundamentally
impacts the reliability of ML models for future projections and is intrinsically linked to the concepts
of covariate and concept drift discussed later (Sections 8.3, 9.1, 7.4). Traditional SD methods may
also struggle to capture complex non-linear interactions, spatial dependencies, and particularly the
behavior of extreme climate events[4].

3.3. Emergence and Promise of ML in Transforming Statistical Downscaling

The advent of machine learning (ML), and deep learning (DL) in particular, has offered a powerful
and flexible alternative to traditional SD methods [8]. ML models, especially DL architectures, possess
the capability to learn highly complex, non-linear mappings between coarse-resolution predictor
variables and fine-scale predictands directly from data. This data-driven approach allows for the
automatic extraction of relevant features and relationships from large and diverse datasets, a char-
acteristic that makes them particularly well-suited for tasks analogous to image super-resolution,
which is conceptually similar to spatial downscaling [12]. The "deep learning revolution" in climate
downscaling signifies more than just incremental improvements in performance metrics. It represents
a fundamental shift in how the downscaling problem is approached: moving away from the explicit
definition of statistical relationships (as in traditional SD) towards the learning of complex, often
implicit, functions directly from observational or model-generated data. This paradigm shift offers
immense potential for capturing intricate details and dependencies that were previously intractable.
However, this increased power is accompanied by new and significant challenges, particularly con-
cerning the interpretability of these "black-box" models and ensuring the physical consistency of
their outputs. This review undertakes a critical examination of the advancements, capabilities, and
persistent challenges associated with ML-based downscaling, focusing on the period between 2010
and 2025.
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Figure 1. Layered roadmap connecting model families to downscaling challenges and the “performance para-
dox/trust deficit.” Inner ring (R1) shows each family’s core strength; middle Square (S2) lists trade-offs; outer
Square (S2) highlights representative innovations. Dashed arcs mark hybrids (PIML/constraints; two-stage
CNN—Transformer). Classical/MOS forms the foundation; Physical Consistency is a cross-cutting goal. This
figure does not mean that a family model is only skillful in only one direction

4. The Evolution of Machine Learning Approaches in Climate Downscaling

This section addresses RQ1 by synthesizing how downscaling methods evolved from CNN/U/Net baselines to
generative models (GANs, diffusion) and transformers/foundation models, including cross-resolution/region
transfer and multi-task adaptation for downscaling [21,23,28-31].

To visually frame this critical analysis, we introduce a conceptual roadmap in Figure 1. This
framework organizes the landscape of ML-based downscaling around the central challenge of the
“performance paradox and trust deficit”—the tendency for models to show high skill on historical data
but fail to generalize robustly, thereby limiting their operational trust. The roadmap connects this core
problem to three primary axes of downscaling challenges: achieving high Spatial Fidelity, accurately
representing Extreme Events, and ensuring robust Generalization & Uncertainty Quantification (UQ).

Each axis is mapped to the model families best suited to address it: CNNs and U-Nets for spatial
structure, generative models like GANs and Diffusion for realism and extremes, and Transformers
for generalization and long-term predictions. The figure further details the core strengths, inherent
trade-offs, and key methodological innovations for each family, with the overarching goal of achieving
Physical Consistency serving as a cross-cutting objective for the entire field. This layered framework
will guide the subsequent sections as we delve into the evolution, challenges, and future trajectories of
these technologies.
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4.1. Early Applications and Classical ML Benchmarks

The application of machine learning to climate downscaling began with the exploration of classical
ML algorithms, which served as important precursors to the current deep learning era. An early
comprehensive intercomparison by Vandal et al. [32] benchmarked several statistical learning methods
for daily and extreme precipitation downscaling, including Ordinary Least Squares (OLS), Elastic-Net,
Support Vector Machines (SVM), Multi-task Sparse Structure Learning (MSSL), and autoencoders.
Their findings indicated that for certain metrics and scenarios, simpler linear methods such as Bias
Correction Spatial Disaggregation (BCSD) could consistently outperform more complex non-linear
approaches. In practice, many agencies and impacts workflows still rely on well-tested statistical
baselines—bias-corrected quantile mapping/BCSD and LOCA—so ML downscalers should be shown
to surpass these incumbents on robust, application-relevant metrics [33-35].

This underscores an important consideration: the direct application of state-of-the-art machine
learning does not always guarantee improvements over simpler, well-established statistical techniques,
and classical models remain valuable for benchmarking. Support Vector Machines (SVMs) were among
the early ML techniques applied, particularly for downscaling precipitation. For instance, Tripathi et al.
[36] demonstrated the use of SVMs for downscaling precipitation in climate change scenarios. They
have also reported promising results with SVMs, sometimes showing superior performance compared
to Artificial Neural Networks (ANNSs) for specific downscaling tasks. Random Forests (RFs) also found
application, especially for precipitation downscaling, with some research indicating their utility in
improving estimates of extreme precipitation events [37]. Further work has introduced specialized
variants, such as a posteriori Random Forests (APRFs), which have proven effective at modeling the
complete probability distribution of precipitation [38].

These initial studies were crucial in establishing the feasibility of using ML for downscaling. They
highlighted that the success of these models often hinged on careful feature selection—identifying
informative predictors—and was sensitive to the specific characteristics of the climate variable and the
geographical region under study. Common hindrances included difficulties in adequately capturing
complex spatiotemporal dependencies and the nuances of extreme events, limitations that paved the way
for more sophisticated deep learning approaches. The rationale for choosing these classical models often
stemmed from their established capabilities in general regression and classification tasks, their relative
simplicity compared to the then-nascent deep learning models, and their greater interpretability.

Ghosh [39] combined SVMs with particle-swarm-guided simulated annealing for hyperparameter
tuning in monsoon rainfall SD, showing early evidence that nonlinear ML can surpass linear baselines
under multi-GCM uncertainty. Solved: robust nonparametric mapping under limited data. Open:
explainability, extremes, and transfer to other regimes.

Quantile Regression Neural Networks Cannon [40] provided an early, practical probabilistic approach
via direct quantiles, with left-censoring and bagging for calibration . Solved: distributional outputs and
improved probability-of-precipitation. Open: quantile crossing; coupling across variables.

Prec-DWARF random forests He et al. [37] addressed heavy-rain underestimation with adaptive/-
paired forests, improving spatial patterns. Solved: stronger extremes in tree ensembles. Open: spatial
coherence without CNN-like inductive bias.

Sequence models (2018-2019) including LSTM point-scale SD Misra et al. [41], CNN+LSTM hybrids
for monsoon sequences [42], and regional LSTM SD for CMIP6 ensembles [43] improved persistence
and multi-day events. Open: integration with spatial texture and physics.

Intercomparison Vandal et al. [1] showed strong linear/bias-correction methods remained competi-
tive for daily and extreme indices, with early CNNs lagging. This frames the need for better losses,
evaluation, and uncertainty.

4.2. The Deep Learning Paradigm Shift

The trajectory of ML in climate downscaling was significantly altered by the advent and rapid
proliferation of deep learning techniques. This shift was largely inspired by the remarkable successes
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of DL in fields like computer vision, particularly in tasks such as image super-resolution, which bears
conceptual resemblance to spatial climate downscaling [44].

4.2.1. Pioneering Work with Convolutional Neural Networks (CNNs)

DeepSD Vandal et al. [45] recast downscaling as image super-resolution using a stacked SRCNN
pipeline that incrementally refines coarse ( 100 km) inputs to regional scales ( 12 km). The stacking
strategy reduced error propagation versus a single large upsampling jump, and the multi-variate
predictor set leveraged large-scale dynamics rather than only coarse precipitation. Challenge addressed:
a scalable framework for multi-model ensembles and future projections. Outstanding issues: MSE loses
smooth texture and attenuates extremes; no explicit physical constraints; limited out-of-distribution
analysis for warming scenarios. Cross-links: cite in Extremes (as a baseline that underestimates tails)
and in Evaluation to motivate spectra-/structure-aware metrics beyond RMSE.

Configuration/intercomparison Bafio-Medina et al. [13] systematically varied CNN depth, filters, and
training setups against strong statistical baselines, finding that naive CNNs do not automatically
dominate. Challenge addressed: clarifies when/why CNNs add value (spatial structure, precipitation
extremes). Outstanding: sensitivity to architecture/loss and domain shifts. Cross-links: use when
arguing for robust validation and baseline choice.

Continental-scale suitability Bafio-Medina et al. [46] extended CNN SD to continental domains for
temperature/precipitation projections . Challenge addressed: feasibility at scale without local hand-
engineering. Outstanding: mean-temperature gains were modest; motivates hybrid or physics-aware
losses. Cross-links: Physical consistency section.

Residual SR for daily temperature and precipitation Wang et al. [47] used deep residual blocks to
stabilize training and preserve high frequencies, reporting improved extremes relative to plain CNNs
. Challenge addressed: vanishing-gradient/depth limitations; better tail fidelity. Outstanding: still
deterministic; uncertainty left implicit. Cross-links: Uncertainty (need ensembles) and Transferability
(residual features reused across regions).

Daily 1 km multivariate SD in complex terrain Quesada-Chacén et al. [15] built U-Net style models
to generate multiple variables (precipitation, temperature, radiation, vapor pressure, wind) at 1 km
to 2100. Challenge addressed: multivariate coherence at fine scale with open, reproducible pipelines.
Outstanding: quantifying cross-variable physical constraints (e.g., energy/water balances). Cross-links:
Physical consistency (multivariate coherence) and Impact uses.

Iberia CMIP6 downscaling Soares et al. [48] demonstrated a rigorous regional application across
variables with careful train/validation splits and diagnostics. Challenge addressed: operationalizing
deep-learning statistical downscaling (DL SD) in a multi-Earth System Model (ESM) context (i.e.,
consistent training/transfer across multiple ESM outputs).

Outstanding: out-of-distribution robustness under future extremes and transfer to distinct climates.
Cross-links: Evaluation (dataset curation) and Non-stationarity.

Convolutional Neural Networks (CNNs) were among the first DL architectures to demonstrate
substantial potential in climate downscaling, primarily due to their inherent ability to learn hierarchical
spatial features from gridded data.

A seminal work by Vandal et al. [12] introduced "DeepSD," a model based on Super-Resolution
CNNss (SRCNNE), to downscale precipitation fields. This study showcased significant improvements
in Root Mean Square Error (RMSE) compared to traditional bicubic interpolation and other statistical
methods, effectively demonstrating that CNNs could capture complex non-linear relationships between
coarse- and fine-scale precipitation patterns.

Building on this, Bafio-Medina et al. [11] conducted one of the first comprehensive intercompar-
isons of various DL architectures for downscaling temperature and precipitation across continental
Europe. Their analysis, utilizing the VALUE (Validation and Intercomparison of Downscaling Methods
for Climate Change Research) framework, revealed that CNNs consistently outperformed traditional
Generalized Linear Models (GLMs).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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This work highlighted the particular strengths of U-Net architectures, a specialized type of CNN,
in preserving spatial structures and fine details in the downscaled fields [8]. Legasa et al. [29] is another
example of a study that evaluates CNNs against other methods for precipitation downscaling.

The rationale in these works for adopting CNNs was compelling: their architectural components,
such as convolutional layers that apply learnable filters, pooling layers for dimensionality reduction,
and weight sharing, are exceptionally well-suited for processing grid-based climate data [11]. These
features enable CNNs to automatically learn relevant spatial features and complex relationships from
the input data without requiring explicit, manually engineered features.

However, early and relatively "plain" CNN architectures were not without their limitations. For
instance, training very deep plain CNNs proved challenging due to issues like vanishing or exploding
gradients and the "degradation" problem, where adding more layers could paradoxically decrease
performance. These models also tended to overfit, especially when dealing with sparse data like
extreme precipitation events, and their ability to accurately capture such extremes was often limited.

4.2.2. Architectural Innovations

The initial successes with basic CNNs spurred rapid innovation in DL architectures tailored for or
adapted to climate downscaling, aiming to overcome earlier limitations and enhance performance.

U-Nets

The U-Net architecture, originally developed for biomedical image segmentation [49], has been
effectively applied in climate downscaling, where its skip-connection design showed clear performance
improvements over previous statistical downscaling benchmarks [8]. U-Nets are characterized by
a symmetric encoder-decoder structure. The encoder path progressively downsamples the input,
capturing broader contextual information, while the decoder path upsamples these features to re-
construct a high-resolution output. A key feature of U-Nets is the use of "skip connections” that
concatenate feature maps from the encoder layers directly to corresponding layers in the decoder.
These skip connections allow the network to reuse fine-grained spatial information from earlier layers,
which is crucial for preserving sharp details and accurate localization in the downscaled fields [8].
Variants like U-Net++ [50] and attention-augmented U-Nets, such as U-Net_DCA (U-Net with Dual
Cross-Attention) [51], have further refined this approach, showing strong performance in downscaling
tasks like wind fields. The U-Net architecture has also been found effective for GCM bias correction
tasks, for example, in correcting Sea Surface Temperature (SST) projections from the CNRM-CM6
model, where it outperformed several other methods [52].

Residual Networks (ResNets)

To address the challenges of training very deep neural networks, ResNets introduced the concept
of "residual learning" [53]. Instead of learning a direct mapping, ResNet layers learn a residual mapping
with reference to the layer inputs, facilitated by shortcut or skip connections that perform identity
mapping and are added to the output of stacked layers. This formulation makes optimization easier
and allows for the construction of significantly deeper networks without suffering from degradation
or vanishing gradients. In climate downscaling, architectures like the Super-Resolution Deep Residual
Network (SRDRN) developed by Wang et al. [14] have demonstrated the benefits of this approach.
SRDRN incorporates numerous residual blocks and batch normalization layers, enabling it to effectively
extract multi-level features from climate data. Moreover, the SRDRN study highlighted the importance
of data augmentation techniques, particularly for imbalanced datasets like daily precipitation, to
improve the representation of extreme events and mitigate overfitting. Other ResNet-based models,
such as Very Deep Super-Resolution (VDSR) [54] and Enhanced Deep Super-Resolution (EDSR) [55],
have also shown superior performance in image super-resolution, outperforming simpler SR-CNNs
by leveraging deeper architectures and residual learning, which has inspired similar approaches for
downscaling tasks like temperature.
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Generative Adversarial Networks (GANSs)

GANSs represent a distinct class of generative models that have been increasingly applied to climate
downscaling, particularly when the goal is to produce highly realistic and sharp high-resolution fields.
A GAN framework typically consists of two neural networks: a generator that learns to produce
synthetic high-resolution data from low-resolution input, and a discriminator that learns to distinguish
between the generator’s fake samples and real high-resolution data. These two networks are trained in
an adversarial manner.

Strengths: GANSs have shown promise for generating outputs with improved perceptual quality,
sharp gradients, and in some cases better representation of fine-scale variability and heavy-tailed
statistics compared to models trained solely with pixel-wise losses like Mean Squared Error (MSE)
[32]. StyleGAN-family architectures achieve low Fréchet Inception Distance (FID) scores across
large-scale benchmarks, highlighting their strength for perceptually realistic textures [56,57].
Conditional GANs (CGANSs), such as MSG-GAN-SD by Accarino et al. [58], demonstrate direct
applicability to downscaling by conditioning generation on low-resolution input. While some
studies report more realistic precipitation or temperature fields using CGANs [59], consistent
advantages in reproducing extremes remain preliminary and context-dependent.

Limitations: GANSs are notoriously challenging to train due to issues like mode collapse (where the
generator produces limited varieties of samples) and training instability [32]. Evaluating GAN
performance can also be difficult, as traditional pixel-wise metrics may not fully capture perceptual
quality. Moreover, while GANs can produce visually appealing results, some studies suggest they
might not always accurately capture the full statistical distribution of the high-resolution data, which
is critical for scientific applications [19]. The extrapolation of GANSs for downscaling precipitation
extremes in warmer, future climates remains an active area of research and concern. A notable appli-
cation of GAN-based frameworks is the Super-Resolution for Renewable Energy Resource Data with
Climate Change Impacts (Sup3rCC) model developed by the National Renewable Energy Labora-
tory (NREL) [60]. Sup3rCC employs a generative machine learning approach, specifically leveraging
GAN:Ss, to downscale Global Climate Model (GCM) data to produce 4-km hourly resolution fields
for variables crucial to the energy sector, such as wind, solar irradiance, temperature, humidity,
and pressure, for the contiguous United States under various climate change scenarios. The model
learns realistic spatial and temporal attributes by training on NREL's historical high-resolution
datasets (e.g., National Solar Radiation Database, Wind Integration National Dataset Toolkit) and
then injects this learned small-scale information into coarse GCM inputs. This methodology is
designed to be computationally efficient compared to traditional dynamical downscaling while
providing physically realistic high-resolution data tailored for studying climate change impacts on
energy systems, renewable energy generation, and electricity demand. It's important to note that
Sup3rCC is designed to represent the historical climate and future climate scenarios, rather than
specific historical weather events [60].

Generative trends (synthesis). Recent work converges on a few clear themes. (1) Stochastic realism and
ensemble spread: stochastic GAN super-resolution improves small-scale realism and supports ensemble
evaluation [16]. (2) Adversarial SR beyond precipitation: adversarial downscaling for wind /solar high-
lights realism-likelihood trade-offs and motivates spectra-aware diagnostics for non-precip variables
[61]. (3) Hybrid pipelines for extremes: coupling bias correction with a generative stage strengthens heavy-
tail behavior and uncertainty depiction [17]. (4) Tail-aware objectives: explicit intensity-aware losses
reduce wet/dry and high-intensity biases while remaining interpretable [2]. (5) Joint spatio-temporal scal-
ing and transfer: global models achieve km-scale and sub-hourly resolution with promising cross-region
transfer and efficient ensembles [62]. Taken together, these results point toward multi-stage and hybrid
generative systems that balance likelihood, realism, extremes, and transferability, complemented by
reliability checks (e.g., intensity-aware likelihoods, power spectra) and perfect-model tests for structure
and conservation compliance.
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Diffusion Models

Since 2020, diffusion probabilistic models [31] have emerged as a highly promising generative modeling
technique, often overtaking GANs in computer vision due to their ability to generate high-quality, diverse
samples and their more stable training dynamics. These models learn to reverse a gradual noising process,
starting from a simple noise distribution and iteratively refining it to generate a data sample [31]. This
iterative process allows them to capture complex, high-dimensional distributions with high fidelity, making
them exceptionally well-suited for generating realistic and physically plausible climate fields.

Key innovations and applications in downscaling include:

* Latent Diffusion Models (LDMs): To mitigate the high computational cost of operating in pixel
space, LDMs, such as those explored by Tomasi et al. [18], perform the diffusion process in a com-
pressed latent space [63]. This significantly reduces training and sampling costs. For downscaling,
LDMs have demonstrated the ability to mimic kilometer-scale dynamical model outputs (e.g.,
COSMO-CLM simulations) with remarkable fidelity for variables like 2m temperature and 10m
wind speed, outperforming U-Net and GAN baselines in spatial error, frequency distributions,
and power spectra [18].

¢  Spatio-Temporal and Video Diffusion: Recognizing the temporal nature of climate data, models
like Spatio-Temporal Video Diffusion (STVD) extend video generation techniques to precipitation
downscaling [19]. These frameworks often use a two-step process: a deterministic module (e.g.,
a U-Net) provides an initial coarse prediction, and a conditional diffusion model learns to add
the high-frequency residual details. In initial experiments, STVD was reported to outperform
GAN s in capturing accurate statistical distributions and fine-grained precipitation structures,
particularly those influenced by topography.

e  Hybrid Dynamical-Generative Downscaling: A state-of-the-art paradigm combines the strengths
of physical models and generative Al. As proposed by Lopez-Gomez et al. [9], this approach uses a
computationally cheap RCM to dynamically downscale ESM output to an intermediate resolution. A
generative diffusion model then refines this output to the final target resolution. This hybrid method
leverages the physical consistency and generalizability of the RCM and the sampling efficiency and
textural fidelity of the diffusion model. This approach not only reduces computational costs by over
97% compared to full dynamical downscaling but also produces more accurate uncertainty bounds
and better captures spectra and multivariate correlations than traditional statistical methods.

e  Distributional Correction: To better capture extreme events, recent work has focused on aligning
the generated distribution with the target distribution, particularly in the tails. Liu et al. [20]
introduced a Wasserstein penalty into a score-based diffusion model to improve the representation
of extreme precipitation, demonstrating more reliable calibration across intensities.

Strengths: Diffusion models excel at capturing complex, multimodal distributions, leading to
more realistic and diverse samples. They offer stable training without the mode collapse issues common
in GANs and are inherently probabilistic, making them well-suited for uncertainty quantification
through ensemble generation. Recent studies report promising results for probabilistic generation and
UQ, including frameworks designed to estimate epistemic uncertainty in ensembles [31,64]. While
these developments are encouraging, their application to downscaling remains at an early stage, and
systematic evidence of superiority over GANs or other generative approaches is still limited.

Limitations: The primary drawback is computational expense, particularly the slow iterative
sampling process, although LDMs and efficient sampling schemes are actively mitigating this [18].
Their application to climate downscaling is still an emerging area, and the optimal methods for
conditioning and ensuring physical consistency are topics of active research.

Spatiotemporal Models (LSTMs, ConvLSTMs, Transformers)

Resolution-agnostic transformer Curran et al. [21] reported cross-resolution generalization using
a pretrained Earth-ViT, suggesting zero/low-shot potential across grids. Solved: reduced retraining
burden across input resolutions. Open: handling sparse or uneven observational coverage; incor-
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porating explicit physical inductive biases (e.g., conservation constraints, symmetry/equivariance,
monotonicity, or PDE-informed losses).Cross-links: Transferability and Operationalization.

Full-domain vs. tiling Pérez et al. [65] compared transformer SR strategies, showing trade-offs
between global attention (context) and memory, and documenting boundary artifacts under naive
tiling. Solved: practical guidance for large regions. Open: context windows for extremes, efficient
attention. Cross-links: Evaluation (seam artifacts) and Scalability.

Transformer precipitation SD Yang et al. [66] delivered a practical architecture that improves fidelity
at moderate compute. Solved: competitive alternative to CNNs for precip SD. Open: tail calibration vs.
GAN/diffusion; physics. Cross-links: Extremes, Compute. Recognizing that many climate variables exhibit
strong temporal dependencies, researchers have employed architectures designed for sequential data.

e LSTMs/ConvLSTMs: Long Short-Term Memory (LSTM) networks [67], a type of Recurrent
Neural Network (RNN), are designed to capture long-range temporal dependencies in sequential
data. Convolutional LSTMs (ConvLSTMs) [68] extend LSTMs by replacing fully connected opera-
tions with convolutional operations, enabling them to process spatio-temporal data where inputs
and states are 2D or 3D grids [68,69]. These models are particularly relevant for downscaling
precipitation sequences or forecasting river runoff using atmospheric forcing.

Strengths: Explicitly model temporal sequences and dependencies, crucial for variables with memory
effects. Hybrid CNN-LSTM models can leverage the spatial feature extraction capabilities of CNNs
and the temporal modeling strengths of LSTMs, often outperforming standalone models [69].
Limitations: Standard LSTMs might struggle with very high-dimensional spatial inputs unless
effectively combined with convolutional structures. Training these complex recurrent architectures
can also be demanding. While ConvLSTMs are better suited for spatio-temporal data, their ability
to capture very long-range spatial dependencies might be limited compared to other architectures
like Transformers.

¢  Transformers: Originally developed for natural language processing [70], Transformer architectures,
particularly Vision Transformers (ViTs) [71] and their variants, are increasingly being adopted for
climate science applications, including downscaling [22]. Their core mechanism, self-attention,
allows the model to weigh the importance of all other locations in the input when making a
prediction for a single location. This enables the modeling of global context and long-range spatial
dependencies (i.e., teleconnections), a critical advantage over the local receptive fields of CNNs.
Key innovations and applications in downscaling include:

—  Architectural Adaptations: Models like SwinIR (Swin Transformer for Image Restoration)
and Uformer have been adapted from computer vision for downscaling temperature and
wind speed, demonstrating superior performance over CNN baselines like U-Net [72]. For
precipitation, PrecipFormer utilizes a window-based self-attention mechanism and multi-
level processing to significantly reduce computational overhead while effectively capturing
the localized and dynamic nature of rainfall [24].

—  Resolution-Agnostic and Zero-Shot Downscaling: A significant frontier is the development
of models that can generalize across different resolutions without retraining. Curran et al.
[21] demonstrated that a pretrained Earth Vision Transformer (EarthViT) could be trained
to downscale from 50km to 25km and then successfully applied to a 3km resolution task in
a zero-shot setting (i.e., without any fine-tuning on the new resolution). This capability is
crucial for operational efficiency, as it avoids the costly process of retraining models for every
new GCM or grid configuration [21]. Research comparing various architectures found that a
Swin-Transformer-based approach combined with interpolation surprisingly outperformed
neural operators in zero-shot downscaling tasks in terms of average error metrics [73].

-  Foundation Models: The power and scalability of the Transformer architecture have made it
the backbone for emerging foundation models in weather and climate science. Models like
FourCastNet [22], Prithvi-WxC [23], and ORBIT-2 [74] are pre-trained on massive climate
datasets (e.g., decades of ERA5 reanalysis). While primarily designed for forecasting, their
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learned representations of Earth system dynamics make them promising candidates for
downscaling via fine-tuning. This paradigm shifts the task from training a specialized model
from scratch to adapting a large, pre-trained model, which may enhance transferability and
reduce data requirements for specific downscaling tasks, though this remains an active area
of research [23,75]. This paradigm shifts the task from training a specialized model from
scratch to adapting a large, pre-trained model, which can enhance transferability and reduce
data requirements for specific downscaling tasks.

Strengths: Transformers excel at modeling long-range spatial and temporal dependencies, a
key physical aspect of the climate system. They show strong potential for transfer learning and
zero-shot generalization, which could dramatically reduce the computational burden of down-
scaling large, multi-model ensembles. Recent benchmarks indicate that Transformer architectures
can achieve competitive or superior performance in zero-shot generalization across resolutions
compared to some neural operator approaches [21,73]. While these findings are promising, they
represent early results rather than a settled state-of-the-art, and broader validation across datasets
and variables will be necessary. ViTs and their adaptations like PrecipFormer [24] (which uses
window-based self-attention and multi-level processing for efficiency) and EarthViT [21] have
shown promise in capturing complex spatio-temporal patterns. They exhibit good potential for
transferability, especially when combined with CNNs in hybrid architectures [28]. Foundation
models built on Transformers, such as Prithvi WxC [23] and ORBIT-2 [74], are being developed
for multi-task downscaling across various variables and geographies. FourCastNet[22], another
transformer-based model, is a weather emulator designed to resolve and forecast high-resolution
variables like surface wind speed and precipitation.

Limitations: The primary challenge is the quadratic computational complexity of the self-attention
mechanism (O(N?) where N is the number of input patches), which can be prohibitive for very
high-resolution data. However, innovations like window-based attention (Swin, PrecipFormer)
and other efficient attention mechanisms are actively addressing this bottleneck [24]. Practi-
cally, their data-hungry nature means they benefit most from large-scale pre-training, making
foundation models a key pathway for their effective use.

The progression from classical ML to diverse and specialized DL architectures signifies a field
actively seeking more powerful and nuanced tools. While early CNNs provided a significant leap, the
subsequent development of U-Nets, ResNets, GANs, LSTMs/ConvLSTMs, and now Transformers and
Diffusion Models, reflects an ongoing effort to tackle the multifaceted challenges of climate downscal-
ing. Each architectural family brings unique strengths—spatial feature extraction, temporal modeling,
generative realism, long-range dependency capture—but also specific limitations, such as training
stability, computational cost, or interpretability. This evolution indicates a maturing understanding
that no single architecture is universally optimal; instead, the choice is increasingly driven by the
specific characteristics of the downscaling problem, including the target variable, desired output
properties (e.g., physical consistency, extreme event accuracy), and available computational resources.
This specialization, however, also introduces complexity in terms of systematic intercomparison and
the establishment of universally applicable best practices, a challenge that the community is actively
addressing through initiatives like the CORDEX ML Task Force [76]. The diverse capabilities and
trade-offs of these architectural families are summarized in the comparative matrix in Figure 2. This
matrix highlights a central theme of this review: no single model family is universally superior. In-
stead, the state-of-the-art is task-dependent, requiring a careful match between the model’s inherent
strengths—such as a GAN'’s ability to generate sharp textures or a Transformer’s capacity for zero-shot
generalization—and the specific requirements of the downscaling problem at hand.

This complex evolution, which involves a critical trade-off between model power and inter-
pretability, is visualized in the timeline in Figure 3. The figure illustrates how the progression of ML
models has been mirrored by an evolution in the scientific problem formulation itself, leading to a
"trust deficit" that the community is now actively working to address.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1538.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) |

NOT PEER-REVIEWED |

Posted: 20 November 2025

doi:10.20944/preprints202511.1538.v1

MODEL FAMILY

Classical (SVM, RF)

CNN / U-Net / ResNet

Diffusion Models

LSTM/ ConvLSTM

Transformers

State-of-the-Art / Primary

SPATIAL PHYSICS
e R EXTREME EVENTS CALIBRATION / UQ S
o o © x
(No spatial bias) (Needs tailoring) (P;Z‘:;'::“S“c (Not inherent)
v 9 x X
(Strong local bias) (MSE(;E;’M"S (Needs ensembles) (Needs PIML)
v 7 (] =2
(Better tail (Uncalibrated
(Sharp textures) statistion) ansembles) (Needs PIML)
v v g x
(High fidelity) df;a”‘m":i) (Inherent ensembles) (Needs PIML)
x o x x

(Temporal focus) (improves (Needs ensembles) (Not inherent)
persistence)

v O O X

(Global context) (Emerging (Needs ensembles) (Needs PIML)
research)

Strong Method Moderate / Requires Specialization Weak / Not Inherent

TRANSFERABILITY

O

(Region-specific)

o

(Domain shift
sensitive)

X

(Prone to artifacts

o}

(Emerging
research)

X

(Spatially limited)

v

(Zero-shot
potential)

13 of 62

COMPUTE COST
(INFERENCE)

Low

Low-Medium

High
(iterative sampling)

Medium

High
(Attention scaling)

Figure 2. A comparative overview of model families for climate downscaling tasks.
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5. The Physical Frontier: Hybrid and Physics-Informed Downscaling

While deep learning models excel at learning complex statistical patterns, a major criticism is that
purely data-driven approaches can produce outputs that are physically implausible or inconsistent,
violating fundamental laws like the conservation of mass and energy [25]. This lack of physical
grounding is a primary contributor to the "trust deficit" and can lead to catastrophic failures when
models are required to extrapolate to out-of-distribution future climates where historical statistical
relationships may no longer hold. In response, two critical and rapidly growing research frontiers
have emerged: Physics-Informed Machine Learning (PIML) and hybrid modeling frameworks.

5.1. The Imperative for Physical Consistency

The need for physical consistency is not merely academic; it is essential for scientific credibility
and reliable impact assessment. For example, a downscaling model that does not conserve water
mass can produce unrealistic runoff projections in hydrological models. Similarly, thermodynamically
inconsistent combinations of temperature and humidity could lead to flawed assessments of heat
stress. As highlighted by multiple studies, embedding physical laws directly into the learning process
serves as a powerful form of regularization, guiding the model towards solutions that are not only
accurate on training data but are also more likely to generalize robustly to unseen conditions [25].

5.2. Architectural Integration of Physical Laws: PIML

Physics-Informed Neural Networks (PINNs) and related PIML techniques integrate domain
knowledge in the form of physical laws directly into the model’s architecture or training process
[26,78]. This is typically achieved through two main strategies:

Soft Constraints This is the most common approach, where the standard data-fidelity loss term
(Lgata) is augmented with a physics-based penalty term (Lypysics) [78]- The total loss becomes
Liotal = Ldata + ALphysicss Where A is a weighting hyperparameter. Lypysics is formulated as the
residual of a governing differential equation (e.g., the continuity equation for mass conservation).
By minimizing this residual across the domain, the network is encouraged, but not guaranteed,
to find a physically consistent solution. This method is flexible and has been used to penalize
violations of conservation laws [25] and to solve complex PDEs [26].A common example is
enforcing mass conservation in precipitation downscaling. If x is the value of a single coarse-
resolution input pixel and {#;}!" , are the n corresponding high-resolution output pixels from
the neural network, a soft constraint can be added to the loss function to penalize deviations
from the conservation of mass. In other words, the sum of the smaller pixels cannot be larger
than the value of the corresponding coarse pixel. The total loss, Liot,), becomes a weighted sum
of the data fidelity term (e.g., Mean Squared Error, Lyisg) and a physics penalty term:

2

1)

Liotal = Lmsg + /\phys

13
Ei;yi—x

where Appys is a hyperparameter that controls the strength of the physical penalty. Minimizing
this loss encourages, but does not guarantee, that the mean of the high-resolution patch matches
the coarse-resolution value.

Hard Constraints (Constrained Architectures) This approach modifies the neural network architec-
ture itself to strictly enforce physical laws by design. For example, Harder et al. [27] introduced
specialized output layers that guarantee mass conservation by ensuring that the sum of the
high-resolution output pixels equals the value of the coarse-resolution input pixel. Such methods
provide an absolute guarantee of physical consistency for the constrained property, which can
improve both performance and generalization. While more difficult to design and potentially
less flexible than soft constraints, they represent a more robust method for embedding inviolable
physical principles [27]. In contrast of soft consrtraints, a hard constraint enforces the physical
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law by design, often through a specialized, non-trainable output layer. Continuing the mass con-
servation example, let {#7;} ; be the raw, unconstrained outputs from the final hidden layer of
the network. A multiplicative constraint layer can be designed to produce the final, constrained
outputs {y;} that are guaranteed to conserve mass:
. X-n .
V=0 i forj=1,...,n 2)
i=1Yi

This layer rescales the raw outputs j such that their sum is precisely equal to n - x, thereby strictly
enforcing the conservation law 1 Y yj = x at every forward pass, without the need for a penalty
term in the loss function.

5.3. Hybrid Frameworks: Merging Dynamical and Statistical Strengths

Hybrid models seek to combine the strengths of traditional physics-based dynamical models
(RCMs) with the efficiency and pattern-recognition capabilities of ML. Instead of replacing the physics
entirely, ML is used to augment or accelerate parts of the physical modeling chain.

A state-of-the-art example is the dynamical-generative downscaling framework proposed by
Lopez-Gomez et al. [9]. This multi-stage approach involves:

1.  An initial, computationally inexpensive dynamical downscaling step using an RCM to bring
coarse ESM output to an intermediate resolution (e.g., from 100km to 45km). This step grounds
the output in a physically consistent dynamical state.

2. A subsequent generative ML step, using a conditional diffusion model, to perform the final
super-resolution to the target scale (e.g., from 45km to 9km). The diffusion model learns to add
realistic, high-frequency spatial details.

This hybrid strategy is powerful because it leverages the RCM for what it does best—ensuring
physical consistency and generalization across different GCMs—while using the diffusion model for
its strengths: computational efficiency and generating high-fidelity, stochastic textures. This approach
was shown to reduce the computational cost of the most expensive downscaling stage by over 97.5%
while producing outputs with lower errors and more realistic spatial spectra than traditional statistical
methods [9]. Such hybrid frameworks represent a pragmatic and powerful path toward scalable,
physically credible, and computationally tractable downscaling of large climate model ensembles.

5.4. Enforcing Physical Realism in Practice
5.4.1. The Frontier of Physics-Informed Machine Learning (PIML)

Physics-Informed Machine Learning (PIML) represents a burgeoning field that seeks to integrate
physical knowledge directly into ML models, aiming to enhance their accuracy, generalizability, and
physical consistency. This is particularly relevant for climate downscaling, where ensuring that outputs
adhere to fundamental physical laws is critical for their credibility and utility.

The Promise of Physics-ML Integration

As highlighted by Harder et al. [27] and other studies [25], incorporating physical constraints
directly into neural network training can yield significant benefits:

¢  Ensuring Conservation Laws: Models can be designed or constrained to conserve fundamental
quantities like mass and energy [8].

* Maintaining Thermodynamic Consistency: Predictions can be guided to adhere to known
thermodynamic relationships (e.g., between temperature, humidity, and precipitation).

¢ Reducing Data Requirements: By embedding prior physical knowledge, PIML models may re-
quire less training data to achieve good performance compared to purely data-driven approaches,
as the physical laws provide strong regularization [26].
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e Improving Extrapolation: Models that respect physical principles are hypothesized to extrapolate
more reliably to unseen conditions, as these principles are expected to hold even when statistical
relationships change.

The general framework often involves augmenting the standard data-driven loss function (Lgat,)
with a physics-based loss term (Lpnysics) that penalizes deviations from known physical equations (e.g.,
conservation equations, PDEs governing fluid flow), as shown in Equation 3 [26].

Liotal = Ldata + )Lphysics Lphysics + AregLregularization 3)

Implementation Approaches for PIML

e  Hard Constraints: This approach involves modifying the neural network architecture or adding
specific constraint layers at the output to strictly guarantee that certain physical laws are satisfied
[27]. For example, a constraint layer could ensure that the total precipitation over a downscaled
region matches the coarse-grid precipitation input, thereby enforcing water mass conservation.
Advantages: Guarantees physical consistency for the enforced laws.

Disadvantages: Can be more challenging to design and may limit the model’s flexibility if the
constraints are too restrictive or incorrectly formulated.

®  Soft Constraints via Loss Functions: This is the more common approach, where penalty terms
representing deviations from physical laws are added to the overall loss function that the model
minimizes during training [26].

Advantages: More flexible than hard constraints and can potentially incorporate multiple physical
principles simultaneously. Easier to implement for complex, non-linear PDEs.

Disadvantages: Does not strictly guarantee constraint satisfaction, only encourages it. The choice of
weighting for the physics-based loss term (Appysics) can be critical and may require careful tuning.

e  Hybrid Statistical-Dynamical Models: As discussed previously, these models combine ML
with components of traditional dynamical models [8]. ML can be used to emulate specific,
computationally expensive parameterizations within an RCM, or to learn corrective terms for
RCM biases. This approach inherently leverages the physical basis of the dynamical model
components.
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INTERVENTION 1: ENHANCING
PHYSICAL REALISM (PIML)

Integrates physical laws to prevent
unrealistic outputs and improve
generalization.

Raissi et al. [26]
Harder et al. [27]
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INTERVENTION 2: ENHANCING
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Rampal et al. [2]
Cannon [40]

Problem with MSE:

Models trained on Mean Squared Error learn
the conditional mean, which systematically,

underestimates rare, high-intensity events. INTERVENTION 4: QUANTIFYING

Solution: Probabilistic Loss UNCERTAINTY & GENERALIZATION

Model both occurrence (p) and intensity
(a,Ba,P) of precipitation using Negative Log-
Likelihood of a Bernoulli-Gamma distribution.

Moves beyond deterministic
predictions to provide robust
uncertainty estimates and test a
model's ability to generalize to
unseen data.

Gonzalez-Abad et al. [77]
Rampal et al. [2]

Uncertainty Quantification (UQ)
Methods like Deep Ensembles or
Bayesian NNs estimate model
confidence and the range of
plausible outcomes.

INTERVENTION 3: ENSURING
TRUST (XAl)

Uses attribution methods to "unmask
the black box," ensuring the model
learns physically meaningful
relationships, not spurious
correlations.

Out-of-Distribution (OOD) Testing
Rigorously evaluates model
performance on unseen future
climates (PGW) or different GCMs
to combat the "performance

Method: Saliency Maps paradox”

Highlights which input regions are
most influential for the output Gonzalez-Abad and Bafio-Medina
prediction. Helps verify if the model is 791

focusing on scientifically relevant Lanzante et al. [80]

areas (e.g., moisture source regions).

Figure 4. A schematic of the primary methodological interventions to address the common failures of a standard
ML downscaling pipeline. To overcome the “trust deficit,” researchers employ techniques to (1) enforce physical
realism using PIML, (2) enhance extreme event representation with specialized loss functions, (3) ensure trust and
scientific validity through XAI, and (4) robustly quantify uncertainty and test for out-of-distribution generalization.

Case Studies and Results

The application of PIML techniques in climate downscaling is an active area of research, with
emerging studies demonstrating their potential. Emerging studies and conceptual analyses present
a conceptual comparison showing that physics-informed DL can lead to improvements in RMSE,
extreme event capture, energy conservation, and transferability compared to standard DL. For instance,
Harder et al. [27] showed that their hard-constrained methods not only enforced conservation but
also improved predictive performance on various climate datasets. Similarly, physics-informed loss
functions are being developed to improve the representation of extreme events and other physical
properties [81]. The integration of physical principles into ML models holds considerable promise
for overcoming some of the key limitations of purely data-driven downscaling. By guiding the
learning process with established physical knowledge, PIML approaches aim to produce downscaled
climate information that is not only statistically skillful but also scientifically sound and reliable for
understanding and adapting to climate change. However, the development of robust, generalizable,
and computationally efficient PIML methods for the complex, multi-scale dynamics of the climate
system remains a significant research challenge. While PIML offers a compelling pathway to more
physically robust models, its operationalization in complex climate downscaling contexts is not without
practical hurdles. The training process for PIML models can be significantly more computationally
expensive than standard data-driven counterparts, particularly if Lppysics involves calculating residuals
of complex partial differential equations at numerous spatio-temporal points within each optimization
iteration [82]. Scaling PIML to the multi-physics, multi-scale nature of climate systems is non-trivial.
The crucial weighting factor Appysics in Equation 3 often requires careful, problem-specific tuning,
potentially involving extensive hyperparameter searches, which can be an arduous task. Furthermore,
formulating accurate and computationally tractable physical constraints for all relevant atmospheric
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processes in downscaling (e.g., cloud microphysics, radiative transfer, boundary layer dynamics) can
be exceedingly difficult. Hard constraints, while guaranteeing adherence to enforced laws like mass
conservation (e.g., Harder et al. [27]), can be architecturally complex to implement for phenomena
beyond simpler conservation principles. These challenges underscore important avenues for future
research, including developing more efficient PIML training algorithms, methods for automatically
learning or discovering relevant physical constraints, or robust techniques for tuning Appysics-

The preceding sections traced how architectures evolved and how hybrid physics-ML designs
aim to restore physical credibility without sacrificing statistical skill. However, across this diversity
of models, inconsistent evaluation remains a primary obstacle to cumulative progress. Datasets,
metrics, event definitions, and splits are rarely aligned, which hinders fair comparisons and obscures
failure modes (e.g., non-stationarity, extremes, process-level errors). To address this, the next section
proposes a prescriptive, model-agnostic evaluation protocol—spanning data splits, baseline anchors,
event-focused metrics, physical diagnostics, and uncertainty tests—so results are both comparable and
decision-relevant

6. Data, Variables, and Preprocessing Strategies in ML-Based Downscaling

The efficacy of any ML-based downscaling approach is profoundly influenced by the quality,
characteristics, and processing of the input and target datasets, as well as the choice of variables. The
selection of appropriate data sources and preprocessing strategies is crucial for training robust models
that can generalize effectively.

6.1. Common Predictor Datasets (Low-Resolution Inputs)

The primary sources of low-resolution predictor data for ML downscaling models include global
reanalysis products and outputs from GCMs and RCMs.

ERAS5 Reanalysis: The fifth generation ECMWF atmospheric reanalysis, ERA5, is extensively used as a
source of predictor variables, particularly for training models in a "perfect-prognosis" framework
[83,84]. ERAS provides a globally complete and consistent, high-resolution (relative to GCMs,
typically 31 km or 0.25°) gridded dataset of many atmospheric, land-surface, and oceanic
variables from 1940 onwards, assimilating a vast amount of historical observations. Its physical
consistency and observational constraint make it an ideal training ground for ML models to learn
relationships between large-scale atmospheric states and local climate variables. Often, models
trained on ERA5 are subsequently applied to downscale GCM projections.

CMIP5/CMIP6 GCM Outputs: Outputs from the Coupled Model Intercomparison Project Phase 5
(CMIP5) and Phase 6 (CMIP6) GCMs are indispensable when the objective is to downscale
future climate projections under various emission scenarios (e.g., Representative Concentration
Pathways - RCPs, or Shared Socioeconomic Pathways - SSPs). These GCMs provide the large-
scale atmospheric forcing necessary for projecting future climate change. However, their coarse
resolution and inherent biases necessitate downscaling and often bias correction before their
outputs can be used for regional impact studies [10,84].

CORDEX RCM Outputs: Data from the Coordinated Regional Climate Downscaling Experiment
(CORDEX) are also utilized, particularly when ML techniques are employed for further statistical
refinement of RCM outputs, as RCM emulators, or in hybrid downscaling approaches. CORDEX
provides dynamically downscaled climate projections over various global domains, offering
higher resolution than GCMs and incorporating regional climate dynamics. However, these
outputs may still require further downscaling for very local applications or may possess biases
that ML can help correct.

6.2. High-Resolution Reference Datasets (Target Data)

The selection of high-resolution reference data, or "ground truth," is critical for training and
validating supervised ML downscaling models.
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Gridded Observational Datasets: Products like PRISM (Parameter-elevation Regressions on Indepen-
dent Slopes Model) for North America [8,85], Iberia01 for the Iberian Peninsula [86], E-OBS for
Europe [87], and regional datasets like REKIS [88] are commonly used [8]. PRISM, for example,
provides high-resolution (e.g., 800m or 4km) daily temperature and precipitation data across the
conterminous United States, incorporating physiographic influences like elevation and coastal
proximity into its interpolation [85]. These datasets are invaluable for training models in a
perfect-prognosis setup, where historical observations are used as the target.

Satellite-Derived Products: Satellite observations offer global or near-global coverage and are increas-
ingly used as reference data. Notable examples include the Global Precipitation Measurement
(GPM) mission’s Integrated Multi-satellitE Retrievals for GPM (IMERG) products for precipi-
tation [89] and the Soil Moisture Active Passive (SMAP) mission for soil moisture [90]. GPM
IMERG, for instance, provides precipitation estimates at resolutions like 0.1° and 30-minute
intervals, with various products (Early, Late, and Final Run) catering to different latency and
accuracy requirements [89].

Regional Reanalyses or High-Resolution Simulations: In some cases, outputs from high-resolution
regional reanalyses or dedicated RCM simulations (sometimes run specifically for the purpose
of generating training data) are used as the "truth" data, especially when high-quality gridded
observations are scarce [29].

FluxNet: For variables related to land surface processes and evapotranspiration, data from the FluxNet
network of eddy covariance towers provide valuable site-level observational data for model
validation [91]. These towers measure exchanges of carbon dioxide, water vapor, and energy
between ecosystems and the atmosphere.

The choice between these predictor and target datasets is contingent on the specific downscaling
objective (e.g., future projections versus historical analysis), data availability for the region of interest,
and the variables being downscaled. While ERA5 and CMIP6 GCMs are standard choices for predictor
data, the target data often comes from gridded observations or specialized high-resolution model runs.

6.3. Key Downscaled Variables
The primary focus of ML-based downscaling has historically been on:

e Daily Precipitation and 2-meter Temperature: These are the most commonly downscaled vari-
ables due to their direct relevance for impact studies (e.g., agriculture, hydrology, health). This
includes mean, minimum, and maximum temperatures.

*  Multivariate Downscaling: There is a growing trend towards downscaling multiple climate
variables simultaneously (e.g., temperature, precipitation, wind speed, solar radiation, humidity).
This is important for ensuring physical consistency among the downscaled variables.

*  Spatial/Temporal Scales: Typical downscaling efforts aim to increase resolution from GCM/Re-
analysis scales of 25-100 km to target resolutions of 1-10 km, predominantly at a daily temporal
resolution.

6.4. Feature Engineering and Selection

The process of selecting and engineering input features is critical for the success of ML-based
downscaling.

Static Predictors: High-resolution static geographical features such as topography (including ele-
vation, slope, and aspect), land cover type, soil properties, and climatological averages are
frequently incorporated as additional predictor variables. These features provide crucial local
context that is often unresolved in coarse-scale GCM or reanalysis outputs. For instance, orog-
raphy heavily influences local precipitation patterns and temperature lapse rates, while land
cover affects surface energy balance and evapotranspiration [44,85]. The inclusion of these static
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predictors allows ML models to learn how large-scale atmospheric conditions interact with local
surface characteristics to produce fine-scale climate variations.

Dynamic Predictors: For specific variables like soil moisture, dynamic predictors such as Land Surface
Temperature (LST) and Vegetation Indices (e.g., NDVI, EVI) derived from satellite remote sensing
are often used, as these variables capture short-term fluctuations related to surface energy and
water balance [92].

Dimensionality Reduction and Collinearity: When dealing with a large number of potential pre-
dictors, dimensionality reduction techniques like Principal Component Analysis (PCA) are
sometimes employed to reduce the number of input features while retaining most of the variance.
This can help to mitigate issues related to collinearity among predictors and reduce computa-
tional load. Regularization techniques (e.g., L1 or L2 regularization) embedded within many ML
models also implicitly handle collinearity by penalizing large model weights.

The careful selection and engineering of features, particularly the integration of high-resolution static
geographical information, significantly enhances the ability of ML models to capture local climate
nuances. This suggests that the models are not merely learning statistical correlations from atmospheric
variables alone but are also learning the complex interactions between these variables and fixed surface
characteristics.

6.5. Data Preprocessing Challenges

Several challenges related to data preprocessing must be addressed to ensure the development of
robust and reliable ML downscaling models.

* Data-Scarce Areas: A significant hurdle is the availability of sufficient high-quality, high-
resolution reference data for training and validation, especially in many parts of the developing
world or in regions with complex terrain where observational networks are sparse [93].

¢ Imbalanced Data for Extreme Events: Extreme climatic events (e.g., heavy precipitation, heat-
waves) are, by definition, rare. This leads to imbalanced datasets where extreme values are
underrepresented, potentially biasing ML models (trained with standard loss functions like MSE)
to perform well on common conditions but poorly on these critical, high-impact events. This
issue often hinders models from learning the specific characteristics of extremes.

¢  Ensuring Domain Consistency: Predictor variables derived from GCM simulations may ex-
hibit different statistical properties (e.g., means, variances, distributions) and systematic biases
compared to reanalysis data (like ERA5) often used for model training. This mismatch, known
as a domain or covariate shift, can degrade model performance and is a critical preprocessing
consideration. This occurs because GCMs often have systematic biases and different statistical
properties than reanalysis data, even for historical periods, thereby violating the assumption that
training and application data are drawn from the same distribution. Techniques such as bias
correction of GCM predictors, working with anomalies by removing climatological means from
both predictor and predictand data to focus on changes, or more advanced domain adaptation
methods are employed to mitigate this critical issue and enhance consistency [94].

*  Quality Control and Gap-Filling: Observational and satellite-derived datasets frequently require
substantial preprocessing steps, including quality control to remove erroneous data, and gap-
filling techniques (e.g., interpolation) to handle missing values due to sensor malfunction or
environmental conditions (like cloud cover for satellite imagery) [95].

The pervasive challenge of data imbalance for extreme events underscores a potential disconnect
between generic ML advancements and the specific needs of climate science. Standard ML training
objectives are often insufficient for applications where accurately capturing extremes is paramount,
necessitating domain-specific adaptations in model architecture, loss functions, or data handling
strategies.
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7. A Prescriptive Protocol for Model Evaluation

To move beyond inconsistent evaluation practices and facilitate robust model intercomparison,
this section outlines a prescriptive, multi-faceted evaluation protocol. A model’s true utility is not
captured by a single metric; therefore, we propose a minimum viable suite of diagnostics tailored to
the variable being downscaled, focusing on spatial structure, extreme events, and probabilistic skill.
Adherence to such a protocol is a prerequisite for establishing the operational readiness of any ML
downscaling method.

7.1. Protocol for Precipitation Downscaling

Precipitation is characterized by its intermittency, skewed distribution, and complex spatial
structure. Evaluation must therefore prioritize metrics sensitive to these features over simple pixel-
wise errors.

Recommended Minimum Suite:

1.  Root Mean Squared Error (RMSE): Report as a baseline metric for average error, but acknowledge
its limitations in penalizing realistic high-frequency variability.

2. Fraction Skill Score (FSS): This is the primary metric [96] for spatial accuracy. FSS should be
reported for multiple intensity thresholds and spatial scales to assess performance across different
event types. Based on common practice in forecast verification, we recommend thresholds
relevant to hydrological impacts depending on usual severity of precipitation in that area and
return period, for instance 1, 5, and 20 mm/day. The analysis should show ESS as a function of
neighborhood size, with recommended spatial scales of the area in hand. We can take 10, 20, 40,
and 80 km as an example; however, these values need to be carefully chosen to identify the scale
at which the forecast becomes skillful.

3. High-Quantile Error: To specifically evaluate performance on extremes, report the bias or
absolute error for a high quantile of the daily precipitation distribution, such as the 99th or 99.5th
percentile. This directly measures the model’s ability to capture the magnitude of rare, intense
events.

4. Power Spectral Density (PSD): Plot the 1D radially-averaged power spectrum of the downscaled
precipitation fields against the reference data. This is a critical diagnostic for spatial realism.
An overly steep slope indicates excessive smoothing, while a shallow slope or bumps at high
frequencies can indicate unrealistic noise or GAN-induced artifacts.

5. Continuous Ranked Probability Score (CRPS): For probabilistic models (e.g., GAN or Diffusion
ensembles), the CRPS [97] is the gold-standard metric for overall skill, as it evaluates the entire
predictive distribution. It should be reported as the primary probabilistic skill score.

7.2. Protocol for Temperature Downscaling

Surface temperature is a smoother, more continuous field than precipitation, but its evaluation
still requires assessing distributional properties, bias, and, for probabilistic models, calibration.
Recommended Minimum Suite:

1.  RMSE and Bias: Report the overall Root Mean Squared Error and Mean Bias (downscaled minus
reference) as standard metrics of accuracy and systematic error.

2. Power Spectral Density (PSD): As with precipitation, the PSD is crucial for ensuring that the
downscaled temperature fields contain realistic spatial variability and are not overly smoothed
by the model.

3. Distributional Metrics (e.g., Wasserstein Distance): Compare the full probability distributions
of downscaled and reference temperatures using a robust metric like the Wasserstein Distance.
This provides a more complete picture of performance than just comparing means and variances,
capturing shifts in the shape and tails of the distribution.

4.  Reliability Diagram (for probabilistic models): If the model produces probabilistic forecasts (e.g.,
ensembles), a reliability diagram is essential. It plots the observed frequency of an event against
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the forecast probability, providing a direct visual assessment of calibration. A well-calibrated
model should lie along the 1:1 diagonal line.

By adopting these variable-specific protocols, researchers can provide a much richer and more com-
parable assessment of model performance, moving the field towards a more rigorous standard of
evaluation.

7.3. Comparative Analysis and State-of-the-Art
No single architecture is universally superior; the state-of-the-art is task-dependent:

e  For spatial structure and deterministic accuracy, U-Net and ResNet-based CNNs remain strong
contenders, particularly for smoother variables like temperature. Their inductive bias for local
patterns is highly effective for learning topographically-induced climate variations [8].

*  For perceptual realism and sharp textures, GANSs are one of the most effective, though they
require careful evaluation to avoid "hallucinated" features [98]. The Sup3rCC framework for
renewable energy showcases an operational, GAN-based application [60].

e  For probabilistic outputs and UQ, Diffusion models are emerging as the state-of-the-art due to
their stable training and ability to generate high-fidelity, diverse ensembles [9,18]. They often
outperform GANSs on distributional metrics. As a simple, strong baseline for epistemic uncertainty,
report deep ensembles [99] with CRPS and reliability diagnostics.

e  For transferability and zero-shot generalization, Transformer-based foundation models represent
the cutting edge. Their ability to learn from vast, diverse datasets enables generalization to new
resolutions and regions with minimal fine-tuning, a critical capability for operational scalability
[21].

7.4. Validation Under Non-Stationarity

The efficacy of statistical downscaling, including ML-based approaches, is fundamentally chal-
lenged by the non-stationary nature of the climate system under anthropogenic forcing. Relationships
learned from historical data may not hold in a future, warmer world with altered atmospheric dynam-
ics and potentially novel climate states. This section explores methodological innovations aimed at
addressing non-stationarity and enhancing the physical realism of ML-downscaled projections.

The core assumption of many traditional statistical methods—that the statistical links between
large-scale predictors and local-scale predictands remain constant over time—is increasingly untenable
under rapid climate change. As articulated by Lanzante et al. [80], the relationships between large-scale
and local-scale climate learned from historical data may not hold in a warmer world with altered
atmospheric dynamics.

As discussed in subsection8.3, this non-stationarity manifests as near-certain covariate and concept
drift when projecting into the future. Models trained on historical data, which implicitly assume
stationarity, are learning relationships specific to that historical period’s P(X) and P(Y|X). When
future P(X) or P(Y|X) change, the model’s performance degrades, forming a fundamental basis for
the “transferability crisis”. This necessitates a shift towards methods that can either adapt to changing
relationships or are inherently more robust to such shifts. We treat non-stationarity as a time-evolving
distributional shift (a specific class of OOD input), typically manifesting as covariate and concept drift.

7.4.1. Pseudo-Global Warming (PGW) Experiments

PGW experiments involve modifying historical meteorological data to reflect conditions an-
ticipated under future global warming scenarios, typically by adding climate change signals (e.g.,
temperature anomalies, changes in humidity) derived from GCM projections to observed historical
weather patterns. ML models can then be trained or evaluated on these PGW datasets. This approach
allows for a systematic assessment of a model’s ability to extrapolate to conditions outside its original
training range but within a physically plausible future state. Studies employing PGW have shown
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potential improvements by exposing models to conditions more representative of future climates
during training or testing.

7.4.2. Transfer Learning and Domain Adaptation

These techniques aim to leverage knowledge gained from one task or dataset (source domain) to
improve performance on a different but related task or dataset (target domain) [8]. In the context of
downscaling:

*  Models might be pre-trained on large, diverse datasets (e.g., multiple GCMs, long historical
records) to learn general, invariant features of atmospheric processes.

¢  These pre-trained models can then be fine-tuned on smaller, target-specific datasets (e.g., data
for a particular region, a specific future period, or a new GCM) [28]. This approach can lead to
better generalization and reduce the amount of target-specific data needed for training. However,
careful validation is crucial to ensure that the transferred knowledge is beneficial and does not
introduce biases from the source domain. Prasad et al. [28] demonstrated that pre-training on
diverse climate datasets can enhance zero-shot transferability for some downscaling tasks, but
fine-tuning often remains necessary for optimal performance on distinct target domains like
different GCM outputs.

7.4.3. Process-Informed Architectures and Predictor Selection

Instead of relying solely on statistical pattern recognition, this approach seeks to imbue ML
models with some degree of physical understanding by:

*  Encoding known physical relationships into the network architecture: This might involve design-
ing specific layers or connections that mimic physical processes or constraints.

e  Using physically-motivated predictor variables: Selecting input variables that have a clear and
robust physical link to the predictand (e.g., thermodynamic variables like potential temperature,
specific humidity, or large-scale circulation indices known to influence local weather) rather than
relying on a large set of potentially collinear or causally weak predictors.

While promising for enhancing robustness to non-stationarity, the implementation of truly process-
informed architectures is still an area of active research with limited widespread adoption to date.

7.4.4. Validation Strategies for Non-Stationary Conditions

Traditional validation methods, which typically involve splitting historical data into training and
testing sets, are insufficient for assessing a model’s performance under future climate change where the
underlying data distributions may shift significantly. More robust validation strategies are emerging;:

1.  Perfect Model Framework (Pseudo-Reality Experiments): In this setup, output from a high-
resolution GCM or RCM simulation is treated as the “perfect” truth [80]. Coarsened versions
of this output are used to train the ML downscaling model, which then attempts to reconstruct
the original high-resolution “truth”. This framework allows for testing the ML model’s ability
to downscale under different climate states (e.g., historical vs. future periods from the same
GCM/RCM), as the “truth” is known for all periods. This is crucial for evaluating extrapolation
capabilities.

2. Cross-GCM Validation: Models are trained on a subset of available GCMs and then tested on
GCMs that were not included in the training set. This assesses the model’s ability to generalize to
climate model outputs with different structural characteristics and biases.

3. Temporal Extrapolation (Out-of-Sample Testing): Using the most recent portion of the historical
record or specific periods with distinct climatic characteristics (e.g., the warmest historical years
as proxies for future conditions) exclusively for testing, after training on earlier data [8]. This
provides a more stringent test of generalization than random cross-validation.

4.  Process-Based Evaluation: Beyond statistical metrics, evaluating whether the downscaled out-
puts maintain plausible physical relationships between variables (e.g., temperature—precipitation
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scaling, wind-pressure relationships) and accurately represent key climate processes (e.g., diurnal
cycles, seasonal transitions, extreme event characteristics) under different climate conditions.
XAI techniques can play a role here in verifying if the model is relying on physically sound
mechanisms.

The challenge of non-stationarity is perhaps the most fundamental issue confronting ML-based
statistical downscaling. Addressing it requires moving beyond purely empirical pattern-matching
towards models that either incorporate more physical understanding or are explicitly designed and
validated for robustness to changing climatic conditions. Also, when applying these validation
strategies for non-stationary conditions, it is crucial to reiterate the importance of accounting for the
non-IID nature of climate data, as discussed in Section 9.5. For instance, when performing temporal
extrapolation to assess robustness to non-stationarity, employing temporal blocked cross-validation
is more appropriate than standard random cross-validation to prevent leakage of future information
into the training process. Similarly, when using the Perfect Model Framework across different climate
states (e.g., historical vs. future simulations), ensuring spatial independence in training and test splits
within each period, through techniques like spatial blocking or LLO CV, is vital for a fair assessment of
generalization under changed conditions. To clarify the roles of these different approaches, Figure 5
presents a validation strategy matrix. This matrix maps the most critical validation techniques to the
specific challenges they are designed to overcome, from mitigating data leakage due to spatio-temporal
autocorrelation to rigorously testing out-of-distribution (OOD) generalization under future climate
scenarios. Adopting a combination of these strategies is essential for moving beyond simple in-sample
metrics and building trust in the operational readiness of ML downscaling models.

SPATIAL TEMPORAL GENERALIZATION GENERALIZATION GENERALIZATION
VALIDATION STRATEGY DATA DATA (NEW (NEW CLIMATE (FUTURE
LEAKAGE LEAKAGE GEOGRAPHIES) MODELS) CLIMATES)
Spatial Blocked CV v (@)
Leave-Location-Out (LLO)
v v
cv
T
emporal quclfed cv/ ) 0o
Forward Chaining
Cross-GCM Validation (@) (@) v
PGW / Perfect Model
e o o o o v
xperiments
Primary Method Secondary / Moderate Method Not Applicable

Figure 5. Mapping robust validation techniques to the challenges they address, particularly for non-stationary
climate data.

7.5. A Multi-Faceted Toolkit for Model Evaluation

The choice of evaluation metrics implicitly defines the objectives of downscaling. An over-reliance
on pixel-wise metrics like RMSE can lead to overly smooth fields that fail to capture the spatial
variability and extreme events crucial for impact studies. We propose a holistic evaluation toolkit,
summarized in Table 1, that assesses performance across multiple dimensions.

Uncertainty Baselines

For epistemic UQ, we recommend deep ensembles [99] as a reporting baseline, scored with strictly
proper rules such as CRPS [97] and assessed via reliability diagrams.
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Table 1. A Multi-faceted Evaluation Toolkit for ML-Based Downscaling?
Category Metric Description & Use Case When to Use Key Refs
Pixel-wise Accuracy RMSE / MAE Root Mean Squared Error / Mean Absolute Error. Standard metrics for average error, but can be misleading for skewed Standard baseline, but use with caution; supplement [11]
distributions (e.g., precipitation) and penalize realistic high-frequency variations. with other metrics.
Structural Similarity (SSIM) Measures perceptual similarity between images based on luminance, contrast, and structure. Better than RMSE for To evaluate preservation of spatial patterns and tex- [55]
. assessing preservation of spatial patterns. tures.
Spatial Structure
Power Spectral Density (PSD) Compares the variance at different spatial frequencies. Crucial for diagnosing overly smooth outputs (loss of high- To diagnose smoothing or unrealistic high-frequency [98,100]
frequency power) or GAN-induced artifacts (spurious power). noise.
Variogram Analysis Geostatistical tool that quantifies spatial correlation as a function of distance. Comparing nugget, sill, and range To quantitatively assess spatial dependency structure [101]
diagnoses noise, variance suppression, and incorrect spatial correlation length. and diagnose over-smoothing.
Method for Object-based Diagnos- Identifies and compares attributes (e.g., area, location, orientation, intensity) of distinct objects (e.g., storms). Provides For detailed diagnostic evaluation of precipitation [102,103]
tic Evaluation (MODE) diagnostic information on specific spatial biases beyond grid-point errors. fields, avoiding the "double penalty" issue.
Temporal Coherence Temporal Autocorrelation Measures the correlation of a time series with itself at a given lag (e.g., lag-1 for daily data). Assesses the model’s ability To diagnose unrealistic temporal "flickering" or lack [104,105]
P to reproduce temporal persistence or "memory". of persistence in time series.
Wet/Dry Spell Characteristics Quantifies the statistics of consecutive days above/below a threshold (e.g., 1 mm/day for precipitation). Key metrics Essential for impact studies related to droughts and [106,107]
include mean/max spell duration, frequency, and cumulative intensity. floods; evaluates temporal clustering of events.
Fraction Skill Score (FSS) A neighborhood-based verification metric that assesses the skill of forecasting events exceeding a certain threshold Essential for verifying precipitation fields at specific [96,100]
Extreme Events across different spatial scales. Mitigates the "double penalty" issue. thresholds.
Quantile-based scores (e.g., 99th Directly evaluates the accuracy of specific quantiles (e.g., p95, p99), focusing on performance in the tails of the To specifically quantify performance on rare, high- [40]
percentile error) distribution. impact events.
Return Level / Period Consistency Compares the magnitude of extreme events for given return periods (e.g., the 1-in-100-year event) between the For climate impact studies where long-term risk from [108]
downscaled output and observations, often using Extreme Value Theory. extremes is key.
g Wasserstein ~ Distance  (Earth Measures the "work" required to transform one probability distribution into another. A robust measure of similarity For a rigorous comparison of the entire statistical dis- [20,109]
Distributional T o h S
Similarity Mover’s Distance) between the full distributions of the downscaled and reference data. tribution.
CRPS (Continuous Ranked Proba- For probabilistic forecasts, measures the integrated squared difference between the predicted cumulative distribution Gold standard for evaluating probabilistic/ensemble [97,100]
bility Score) function (CDF) and the observed value. A proper scoring rule that generalizes MAE. forecast skill.
Perkins Skill Score (PSS) Measures the common overlapping area between two probability density functions (PDFs). An intuitive, distribution- To provide a robust, integrated score of distributional [110]
agnostic metric of overall distributional similarity. overlap, common in climate model evaluation.
Uncertainty Reliability Diagram Plots observed frequencies against forecast probabilities for binned events to assess calibration. A perfectly calibrated To assess if forecast probabilities are statistically reli- [100]
Quantification (UQ) model lies on the diagonal. able.
PIT Histogram Probability Integral Transform. For a calibrated ensemble, the PIT values of the observations should be uniformly To diagnose issues with ensemble spread and bias. ~ [100]
distributed. Deviations indicate biases or incorrect spread.
Conservation Error Directly measures the violation of a conservation law (e.g., mass, energy) by comparing the aggregated high-resolution When conservation of a quantity is a critical physical [25]
Physical Consistency output to the coarse-resolution input value. constraint.
Multivariate Correlations Assesses whether the physical relationships and correlations between different downscaled variables (e.g., temperature Essential for multi-variable downscaling to ensure [9]
and humidity) are preserved realistically. physical coherence.
Clausius-Clapeyron Scaling Verifies if the intensity of extreme precipitation scales with temperature at the physically expected rate ( 7%/°C). Tests if Critical for assessing the credibility of future projec- [111]

the model has learned a fundamental thermodynamic relationship.

tions of extremes under warming.

2Recommended Minimum Evaluation Suite: For a robust evaluation, we recommend a core set of metrics. For spatial structure, report Variogram parameters (sill, range) and key MODE diagnostics (e.g., centroid error,
area bias). For temporal coherence, report lag-1 autocorrelation and mean/max dry spell duration. For extremes, report FSS at relevant thresholds and the error at a high quantile (e.g., 99th). For distributional skill, report
CRPS (if applicable) and Perkins Skill Score. For physical consistency, report Conservation Error and C-C Scaling rate.
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7.6. Operational Relevance: Beyond Statistical Skill

A model’s utility for real-world deployment depends on practical considerations beyond its
performance on a test set.

e  Computational Cost: Dynamical downscaling is exceptionally expensive, limiting its use for large
ensembles. ML offers a computationally cheaper alternative by orders of magnitude [9,112]. How-
ever, costs vary within ML: inference with CNNss is fast, while the iterative sampling of diffusion
models is slower. Training large foundation models requires massive computational resources,
but once trained, fine-tuning and inference can be efficient [23]. The hybrid dynamical-generative
approach offers a compelling trade-off, drastically cutting the cost of the most expensive part of
the physical simulation pipeline [9].

¢ Interpretability: As discussed in Section 9.2.2, the "black-box" nature of deep learning is a
major barrier to operational trust. The ability to use XAl tools to verify that a model is learning
physically meaningful relationships, rather than spurious "shortcuts," is crucial for deployment in
high-stakes applications.

* Robustness and Generalization: The single most important factor for operational relevance is a
model’s ability to generalize to out-of-distribution(OOD) data, namely future climate scenarios.
As detailed in Section 9.1, models that fail under covariate or concept drift are not operationally vi-
able for climate projection. Therefore, rigorous OOD evaluation using techniques like cross-GCM
validation and Pseudo-Global Warming (PGW) experiments is a prerequisite for deployment.

* Baselines: Always include strong classical comparators (e.g., BCSD/quantile-mapping and
LOCA) as default references alongside modern DL models; these remain common operational
choices in hydrologic and climate-services pipelines [33,34]. Formal assessments and national
products continue to operationalize statistical interfaces between GCMs and impacts—bias adjust-
ment and empirical/statistical downscaling (e.g., LOCA2, STAR-ESDM)—as default pathways,
which underscores why ML downscalers must demonstrate clear, application-relevant added
value [113,114].

8. Critical Investigation of Model Performance and Rationale

A critical aspect of advancing ML-based downscaling involves understanding not only which
models perform well, but why they do so, and conversely, what factors impede their learning and
generalization capabilities. This requires a careful examination of the rationale behind model choices
and a comparative analysis of their strengths and weaknesses in the context of specific downscaling
tasks.

8.1. Rationale for Model Choices

The selection of a particular ML architecture for climate downscaling is often guided by the
inherent strengths of the architecture in handling specific types of data and learning particular kinds
of patterns.

CNNs/U-Nets for Spatial Patterns: These architectures are predominantly chosen for their proficiency
in learning hierarchical spatial features from gridded data. Convolutional layers are adept at
identifying local patterns, while pooling layers capture broader contextual information. U-Nets,
with their encoder-decoder structure and skip connections, are particularly favored for tasks
requiring precise spatial localization and preservation of fine details, making them well-suited for
downscaling variables like temperature and precipitation where spatial structure is paramount
[8].

LSTMs/ConvLSTMs for Temporal Dependencies: When the temporal evolution of climate variables
and their sequential dependencies are critical (e.g., for daily precipitation sequences or hydrolog-
ical runoff forecasting), LSTMs and ConvLSTMs are preferred due to their recurrent nature and
ability to capture long-range temporal patterns.
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GANs/Diffusion Models for Realistic Outputs and Extremes: These generative models are selected
when the objective is to produce downscaled fields that are not only statistically accurate but
also perceptually realistic, with sharp gradients and a better representation of the full statistical
distribution, including extreme events [8].

Transformers for Long-Range Dependencies: The increasing adoption of Transformer architectures
is driven by their powerful self-attention mechanisms, which allow them to model global context
and long-range dependencies in both spatial and temporal dimensions, a capability that can be
beneficial for complex climate system dynamics [23,71].

The selection process reflects an understanding that different climate variables possess distinct char-
acteristics—for example, the relatively smooth spatial continuity of temperature versus the highly
intermittent and patchy nature of precipitation. This distinction often guides the choice towards
architectures whose inductive biases align with these characteristics.

8.2. Factors Contributing to Model Success

Several factors consistently contribute to the successful application of ML models in climate
downscaling:

*  Appropriate Architectural Design: Matching the model architecture to the inherent characteristics
of the data and the downscaling task is paramount. For instance, CNNs are well-suited for gridded
spatial data, while LSTMs excel with time series. The incorporation of architectural enhancements
like residual connections and the skip connections characteristic of U-Nets have proven crucial
for training deeper models and preserving fine-grained spatial detail.

¢  Effective Feature Engineering: The performance of ML models is significantly boosted by
the inclusion of relevant predictor variables. In particular, incorporating high-resolution static
geographical features such as topography, land cover, and soil type provides essential local
context that coarse-resolution GCMs or reanalysis products inherently lack. This allows the model
to learn how large-scale atmospheric conditions are modulated by local surface characteristics.

¢ Quality and Representativeness of Training Data: The availability of sufficient, high-quality, and
representative training data is fundamental. Data augmentation techniques, such as rotation or
flipping of input fields, can expand the training set and improve model generalization, especially
for underrepresented phenomena like extreme events [14,115].

*  Appropriate Loss Functions: The choice of loss function used during model training significantly
influences the characteristics of the downscaled output. While standard loss functions like MSE
are common, they can lead to overly smooth predictions and poor representation of extremes.
Tailoring loss functions to the specific task—for example, using quantile loss, Bernoulli-Gamma
loss for precipitation (which models occurrence and intensity separately), Dice loss for imbalanced
data, or the adversarial loss in GANs for perceptual quality—can lead to substantial improvements
in capturing critical aspects of the climate variable’s distribution [8]. Studies show that L1 and
L2 loss functions perform differently depending on data balance, with L2 often being better for
imbalanced data like precipitation [116].

e Rigorous Validation Frameworks: The use of robust validation strategies, including out-of-
sample testing and standardized evaluation metrics beyond simple error scores (e.g., the VALUE
framework [117]), is crucial for assessing true model skill and generalizability.

8.3. Factors Hindering Model Learning

Despite their successes, ML models can be hindered by several factors that impede their ability to
learn effectively or generalize reliably:

e  Overfitting: Models may learn noise or spurious correlations present in the specific training
dataset, leading to excellent performance on seen data but poor generalization to unseen data.
This is a common issue, especially with highly flexible DL models and limited or non-diverse
training data.
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*  Poor Generalization (The "Transferability Crisis"), Covariate Shift, Concept Drift, and Shortcut
Learning: A major and persistent challenge is the failure of models to extrapolate reliably to
conditions significantly different from those encountered during training. This ‘transferability
crisis’ is the core of the "performance paradox" and is rooted in the violation of the stationarity
assumption. It can be rigorously framed using established machine learning concepts:

-  Covariate Shift: This occurs when the distribution of input data, P(X), changes between
training and deployment, while the underlying relationship P(Y|X) remains the same [118].
In downscaling, this is guaranteed when applying a model trained on historical reanalysis
(e.g., ERA5) to the outputs of a GCM, which has its own systematic biases and statistical prop-
erties. It also occurs when projecting into a future climate where the statistical distributions
of atmospheric predictors (e.g., mean temperature, storm frequency) have shifted.

—  Concept Drift: This is a more fundamental challenge where the relationship between predic-
tors and the target variable, P(Y|X), itself changes [118]. Under climate change, the physical
processes linking large-scale drivers to local outcomes might be altered (e.g., changes in
atmospheric stability could alter lapse rates). A mapping learned from historical data may
therefore become invalid.

—  Shortcut Learning: This phenomenon provides a mechanism to explain why models are so
vulnerable to these shifts [119]. Models often learn "shortcuts"—simple, non-robust decision
rules that exploit spurious correlations in the training data instead of the true underlying
physical mechanisms [119]. For example, a model might learn to associate a specific GCM’s
known regional cold bias with a certain type of downscaled precipitation pattern. This
shortcut works perfectly for that GCM but fails completely when applied to a different,
unbiased GCM or to the real world, leading to poor OOD performance. The finding by
Gonzalez-Abad et al. [77] that models may rely on spurious teleconnections is a prime
example of shortcut learning in this domain.

The difficulty in generalizing to these OOD conditions is therefore a core impediment. High
performance on historical, in-distribution test data provides no guarantee of reliability for future
projections, necessitating strategies focused on robustness, physical understanding, and OOD
detection.

e Lack of Physical Constraints: Purely data-driven ML models, optimized solely for statistical
accuracy, can produce outputs that are physically implausible or inconsistent (e.g., violating
conservation laws). This lack of physical grounding can severely limit the trustworthiness and
utility of downscaled projections.

e Data Limitations: Insufficient training data, particularly for rare or extreme events, remains a
significant bottleneck. Data scarcity in certain geographical regions also poses a challenge for
developing globally applicable models. Furthermore, the lack of training data that adequately
represents the full range of potential future climate states can hinder a model’s ability to project
future changes accurately.

¢ Inappropriate Model Complexity: Choosing an inappropriate level of model complexity can
be detrimental. Models that are too simple may underfit the data, failing to capture complex
relationships. Conversely, overly complex models are prone to overfitting, may be more difficult
to train, and can be computationally prohibitive.

¢  Training Difficulties (e.g., Vanishing/Exploding Gradients): In very deep neural networks,
especially plain CNNs without architectural aids like residual connections, the gradients used
for updating model weights can become infinitesimally small (vanishing) or excessively large
(exploding), hindering the learning process.

¢ Input Data Biases and Inconsistencies: Systematic biases present in GCM outputs, or inconsis-
tencies between the statistical characteristics of training data (e.g., reanalysis) and application data
(e.g., GCM outputs from a different model or future period), representing a significant covariate
shift as discussed previously, can significantly degrade downscaling performance. Preprocessing
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steps, such as bias correction of predictors or working with anomalies by removing climatology,
are often crucial for mitigating these issues [80].

The difficulty in generalizing to out-of-sample conditions, often linked to models learning superficial
statistical correlations rather than robust physical mechanisms, represents a core impediment. This
suggests that high performance on historical test data does not automatically translate to reliability for
future climate projections, necessitating specific strategies to enhance model robustness and physical
understanding.

8.4. Comparative Analysis of ML Approaches

Al-assisted ERAb precipitation learned a mapping from ERA5 atmospheric proxies (and satellite
estimates) to high-resolution observed precipitation, effectively performing bias-correction and down-
scaling in one step [120]. Solved: a practical route to operational products with good transfer to unseen
regions. Open: explicit uncertainty and physical conservation. A comparative understanding of
different ML architectures is essential for selecting appropriate methods for specific downscaling tasks.
Table 2 provides a synthesis of dominant ML architectures used in climate downscaling, outlining
their key mechanisms, strengths, limitations, typical applications, and resolutions.

The development and application of these diverse architectures indicate that the field is moving
towards more tailored solutions. The "best" model is not a fixed entity but depends on a nuanced
understanding of the problem at hand—the specific climate variable, the geographical context, the
importance of physical consistency versus perceptual realism, and the need to capture extreme events.
This highlights a crucial understanding: model performance is an emergent property of the entire
downscaling pipeline, encompassing not just the architecture but also the quality of input features,
the appropriateness of the loss function, and the rigor of the validation strategy. A sophisticated
architecture can falter if other components of this pipeline are suboptimal, particularly for challenging
tasks like accurately downscaling extreme precipitation or ensuring physical consistency under future
climate scenarios.

9. Overarching Challenges in ML-Based Climate Downscaling

Despite the significant advancements and demonstrated potential of machine learning in climate
downscaling, several overarching challenges persist. These challenges often interrelate and collectively
hinder the operational deployment and full realization of ML's capabilities in providing robust and
trustworthy high-resolution climate information. Key among these are issues of transferability and
domain adaptation, ensuring physical consistency and interpretability, effectively representing extreme
events, quantifying uncertainties, and addressing practical aspects like reproducibility and data
limitations.

9.1. Transferability and Domain Adaptation: The Achilles” Heel

One of the most critical and frequently cited limitations of ML-based downscaling methods,
particularly for deep learning models, is their often poor transferability or generalizability to data
distributions different from those on which they were trained [80]. Recent intercomparison studies,
such as Legasa et al. [29], are now directly assessing the transferability of different ML methods
(including CNNs and Random Forests) by comparing how well they preserve the climate change
signals projected by the driving GCM [80]. The fundamental root cause of these transferability
issues often lies in the violation of the stationarity assumption implicitly made by many ML models,
compounded by the models learning statistical shortcuts instead of robust physical relationships. As
discussed earlier (Section 8.3), these failures can be rigorously framed using the concepts of covariate
shift and concept drift. Covariate shift, where the distribution of input predictors P(X) changes
between training and application, is almost guaranteed when moving from historical data to future
climate projections, or from reanalysis products to GCM outputs. For example, GCM projections for
future climates will inevitably present different statistical distributions of large-scale atmospheric
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predictors (e.g., altered mean temperatures, changes in variability patterns) compared to the historical
data used for training. Similarly, models trained on reanalysis data like ERA5 (as Xiy,in) often encounter
a covariate shift when applied to GCM outputs (Xiest), which possess systematic biases and distinct
statistical properties even for the same historical period. This is closely related to the challenges of
“Ensuring Domain Consistency” (Section 6.5) and “Input Data Biases and Inconsistencies” (Section 8.3).

Concept drift, a change in the underlying relationship P(Y|X) between predictors and pre-
dictands, is also highly probable under climate change. The physical processes linking large-scale
atmospheric drivers (X) to local climate variables (Y) might themselves evolve due to factors like
altered atmospheric stability or land-surface feedbacks. Consequently, a mapping f : X — Y learned
from historical data may cease to be optimal or even valid for future conditions. Furthermore, different
GCMs, with their unique physical parameterizations, might inherently represent the relationship
P(Y|X) differently. Applying a downscaling model trained on one GCM'’s representation of P(Y|X) to
another GCM could thus encounter concept drift, even if their large-scale predictors X were perfectly
harmonized.

The “performance paradox”—where models achieve excellent performance on historical, in-
distribution test sets but fail catastrophically when faced with these shifts—is a direct consequence of
models encountering covariate and concept shifts without being robust to them, often because they
have learned shortcuts valid only for the training distribution.

These models learn relationships (P(Y|X) and from P (X)) specific to the historical period. When
future P(X) changes (covariate shift) or future P(Y|X) changes (concept drift), the model’s performance
degrades. This provides a more fundamental explanation for the “transferability crisis” than merely
stating models learn “statistical shortcuts”; they learn shortcuts that are only valid for the training
distribution and are not robust to these inevitable distributional shifts. This "Achilles” heel" manifests
in several ways:

¢  Extrapolation to Future Climates: Models trained exclusively on historical climate data often
struggle to perform reliably when applied to future climate scenarios characterized by significantly
different mean states, altered atmospheric dynamics, or novel patterns of variability. Studies
by Hernanz et al. [121] demonstrated catastrophic drops in CNN performance when applied to
future projections or GCMs not included in the training set. The models may learn statistical
relationships that are valid for the historical period but do not hold under substantial climate
change.

¢ Cross-GCM/RCM Transfer: Due to inherent differences in model physics, parameterizations,
resolutions, and systematic biases, ML models trained to downscale the output of one GCM or
RCM often exhibit degraded performance when applied to outputs from other climate models.
This limits the ability to readily apply a single trained downscaling model across a multi-model
ensemble.

*  Spatial Transferability: A model developed and trained for a specific geographical region may
not transfer effectively to other regions with different climatological characteristics, topographic
complexities, or land cover types. Local adaptations are often necessary, which can be data-
intensive.

The fundamental root cause of these transferability issues often lies in the stationarity assumption
implicitly made by many ML models. These models learn statistical correlations from the training
data, and if these correlations are spurious or specific only to the training period’s climate regime, they
will not generalize to non-stationary future conditions where the underlying physical relationships
(P(Y|X)) may change.
Several mitigation efforts and active research frontiers are addressing this challenge:

e  Domain Adaptation Techniques: These methods aim to explicitly adapt a model trained on
a "source" domain (e.g., historical data from one GCM) to perform well on a "target" domain
(e.g., future data from a different GCM) where labeled high-resolution data may be scarce or
unavailable [8].
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e  Training on Diverse Data: A common strategy is to pre-train ML models on a wide array of
data encompassing multiple GCMs, varied historical periods, and diverse geographical regions.
The hypothesis is that exposure to greater variability will help the model learn more robust
and invariant features that generalize better. For instance, Prasad et al. [28] found that training
on diverse datasets (ERA5, MERRA2, NOAA CFSR) led to good zero-shot transferability for
some tasks, though fine-tuning was still necessary for others, such as the two-simulation transfer
involving NorESM data.

¢  Pseudo-Global Warming (PGW) Experiments: This approach involves training or evaluating
models using historical data that has been perturbed to mimic certain aspects of future climate
conditions (e.g., by adding a GCM-projected warming signal). This allows for a more systematic
assessment of a model’s extrapolation capabilities under changed climatic states.

¢  Causal Machine Learning: There is growing interest in developing ML approaches that aim to
learn underlying causal physical processes rather than just statistical correlations. Such models
are hypothesized to be inherently more robust to distributional shifts.
The challenge of transferability implies that simply achieving high accuracy on a historical
test set is insufficient. For ML-downscaled projections to be credible for future climate impact
assessments, models must demonstrate robustness across different climate states and sources of
climate model data.
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Table 2. Comparative Analysis of Dominant Machine Learning Architectures for Climate Downscaling. Note: Typical resolutions and UQ descriptions are illustrative; see key references for details.

Architecture Key Mechanisms/ Characteristics Strengths in Downscaling Limitations/ Weaknesses UQ Capabilities / Robustness to Non-Stat. & Extremes Typical Climate Variables Typical Input Typical Output Key Refs
Res. es.
SVM  (Support Vector Kernel-based supervised learning; finds Performs well with limited data; robust to Choice of kernel and hyperparameters critical; UQ typically via bootstrapping or ensembles; deterministic Precip, Temp GCM scale (e.g., Station/grid [36,39]
Machines) optimal hyperplane in transformed feature high-dimensional predictor spaces; strong may underperform on highly non-stationary by default; robustness to non-stationarity depends on training 50-250 km) scale
space; can use nonlinear kernels for com- baseline for PP downscaling. or extreme events; less scalable to massive sample diversity.
plex relationships. training datasets.
Random Forests (RF, AP- Ensemble of decision trees trained on boot- Handles nonlinear predictor-predictand re- May smooth fine-scale details; bias in extremes Yes for AP-RF (predictive distribution via gamma parameters); Precip 0.25°-1° 0.125° / site-level [37,38]
RF, Prec-DWARF) strap samples; output is mean/majority lationships; naturally ranks predictor impor- without specialized treatment; interpretability deterministic for standard RF; moderate robustness to non-
vote; AP-RF extends with predictive distri- tance; AP-RF produces stochastic samples. less direct than single trees. stationarity if trained on diverse climates.
bution outputs.
CNN (SRCNN, U-Net, Convolutional layers, pooling, shared Spatial feature extraction, pattern recognition; Overfitting; extrapolation issues; can be overly UQ via ensembles; robustness to non-stationarity often limited Temp, Precip, Wind, Solar 25-250 km 1-25 km [10,12,44,46,49,122]
ResNet) weights. U-Net: encoder-decoder w/ skip U-Nets preserve fine details; ResNets enable smooth under MSE loss; plain CNNs struggle without targeted strategies (e.g. PGW training). Standard Rad.
connections. ResNet: residual blocks. deeper learning. with depth. CNNs may smooth extremes unless using specialized losses
or architectures.
GAN (CGAN, MSG- Generator and Discriminator trained ad- Perceptually realistic outputs, sharp details, Training instability (mode collapse), difficult UQ via ensembles, but it can be challenging to calibrate. Po- Temp, Precip, Wind, Solar GCM scale (e.g., 1-12 km. [16,58-60,98,123-125]
GAN, evtGAN, versarially. Conditional GANs (CGANs) better extreme event statistics, spatial variabil- evaluation, potential artifacts, may not capture tential for better extreme event generation. Robustness to Rad. Sup3rCC specialized 25-100 km) Sup3rCC:  4km
Sup3rCC) use input conditions. Sup3rCC uses GANs ity. Sup3rCC provides high-resolution (4km the full statistical distribution. Sup3rCC does Non-Stationarity is an active research area; can learn spurious for renewable energy vari- hourly.

LSTM / ConvLSTM

Transformer (ViT, Precip-
Former, etc.)

Diffusion Model (LDM,
STVD)

Multi-task  Foundation

Models (e.g., Prithvi-
WxC, FourCastNet,
ORBIT-2)

to learn and inject spatio-temporal features
from historical high-res data into coarse
GCM outputs for renewable energy re-
source variables.

Recurrent memory cells (LSTM); ConvL-
STM embeds convolutions into gates.

Self-attention for global context; captures

long-range spatio-temporal interactions.

Iterative denoising process; LDMs operate
in latent space.

Large pre-trained (often Transformer-
based) models fine-tuned for downscaling.

hourly) realistic data for wind, solar, temp, hu-
midity, pressure, tailored for energy system
analysis and computationally efficient com-
pared to dynamical downscaling.

Captures long-range temporal dependencies;
suitable for sequence modeling; CNN-LSTM
hybrids.

Excellent at modeling long-range dependen-
cies; strong transfer potential, especially in hy-
brid architectures.

High-quality, diverse samples; stable training;
explicit probabilistic outputs; good spatial de-
tail.

Zero/few-shot potential; multi-variable sup-
port; leverage extensive pre-training.

not represent specific historical weather events,
but historical /future climate conditions, and
does not reduce GCM uncertainty.

High complexity; ConvLSTM outperforms
pure LSTM on spatial data; very long-range
spatial dependencies can be limited.

Quadratic attention cost (being mitigated by
sparse/linearized variants); relatively new in
downscaling; large data requirements.

Computationally intensive (though LDMs mit-
igate cost); relatively nascent for downscaling;
slow sampling.

Very high pre-training cost; uncertain general-
ization to new locales/tasks without adapta-
tion; bias propagation risks.

correlations if not carefully designed /trained. Sup3rCC aims
for physically realistic outputs by learning from historical data.

UQ via ensembles or Bayesian RNNs; can model temporal non-
stationarity if reflected in training data but may struggle with
unseen future shifts and rare extremes without augmentation.

UQ via attention-weighted ensembles; promising for non-
stationarity when pre-trained on diverse climates; attention
can focus on localized antecedent signatures of extremes, aid-
ing detection though not guaranteeing tail magnitude accu-
racy.

Excellent UQ via learned distributions and ensemble genera-
tion; promising for capturing tail behavior and fine-grained
spatial detail of extremes ; robustness to non-stationarity is
an active research area, but shows potential when trained on
diverse climate data.

UQ via large-ensemble sampling; pre-training on diverse
climates can enhance robustness to non-stationarity and ex-
tremes, but careful domain adaptation is essential.

ables (wind, solar, temp, hu-
midity, pressure).

Precip, Runoff, other time-
evolving vars.

Temp, Precip, Wind, multi-
ple vars.

Temp, Precip, Wind

Multiple vars

Gridded time se-
ries

Various (e.g., 50
km, 250 km)

100-250 km

Coarse GCM /
Reanalysis

Gridded time se-
ries

Various (e.g., 0.9
km, 7 km, 25 km)

2-10 km

Fine (task-
dependent)

[43,68,69,115]

[21,23,24,65,66,71]

[18-20,31,63]

[22,74]
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Case Studies (Quantitative Case Studies)

¢  Cross-model transfer (temperature UNet emulator). In a pseudo-reality experiment, daily
RMSE for a UNet emulator rose from ~0.9°C when evaluated on the same driving model used
for training (UPRCM) to ~2-2.5°C when applied to unseen ESMs; for warm extremes (99th
percentile) under future climate, biases were mostly within [—0.5, 2]°C but reached up to 5°C in
some locations, and were larger than a linear baseline [121].

*  GAN downscaling artifacts (near-surface winds). Deterministic GAN super-resolution exhibited
systematic low-variance (low-power) bias at fine scales and, under some partial frequency-separation
settings, isolated high-power spikes at intermediate wavenumbers; allowing the adversarial loss to
act across all frequencies restored fine-scale variance, but it also raised pixelwise errors via the
double-penalty effect.” [98].

® Classical SD variability & bias pitfalls (VALUE intercomparison). In a 50+ method cross-
validation over Europe, several linear-regression SD variants showed very large precipitation
biases—sometimes worse than raw model outputs—while some MOS techniques systematically
under- or over-estimated variability (e.g., ISI-MIP under, DBS over), underscoring that method
class alone does not guarantee robustness [5].

9.2. Physical Consistency and Interpretability

Beyond statistical accuracy, two crucial aspects for the trustworthiness and scientific utility of
ML-downscaled climate data are their physical consistency and the interpretability of the models that
produce them.

9.2.1. Ensuring Physically Plausible Outputs

A significant concern with purely data-driven ML models is their potential to produce outputs that
violate fundamental physical laws, such as the conservation of mass or energy, or exhibit thermody-
namically inconsistent relationships between variables. For example, downscaled precipitation fields
might not conserve water mass when aggregated back to the coarse scale, or predicted temperature
and humidity fields might imply unrealistic atmospheric stability.
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To move beyond performance evaluation on in-distribution test sets and rigorously assess a
model’s generalization capabilities for climate projection, the following minimum set of OOD
tests is recommended:

1.  Cross-Model Generalization: Train the downscaling model on data from one climate
data source (e.g., ERA5 reanalysis) and test its performance on an entirely different,
unseen source (e.g., historical simulations from a CMIP6 model). This tests robustness to
systematic biases and different statistical properties (covariate shift).

2. Future Climate Extrapolation (PGW): Evaluate the trained model on a Pseudo-Global
Warming (PGW) dataset. PGW experiments modify historical data to represent future
warmed conditions, providing a controlled test of the model’s ability to extrapolate to
novel climate states.

3. Cross-Region Transfer: For models intended for broad applicability, train on one or
more geographic regions and test on a held-out region with distinct climatological or
topographical characteristics. This assesses the model’s ability to learn generalizable
physical relationships rather than region-specific correlations.

4.  Covariate Shift Detection and Adaptation: Before applying the model, quantify the
distributional shift between the training predictors and the target application predictors
using a metric like Maximum Mean Discrepancy (MMD) or energy distance[126,127]. In
climate settings, Wasserstein distance is also used for model/field comparison [109].
Try lightweight adaptations—target-domain re-normalization, spatially aware cross-
validation, and (where feasible) drift-aware fine-tuning—and reassess performance; see
general drift/adaptation guidance [118] and transferability caveats in downscaling [121].

7

Within the body of work we surveyed, explicit enforcement of physical laws (e.g., conservation of
mass or energy) is relatively uncommon compared to purely data-driven approaches. While we did not
attempt to quantify this precisely, our reading of the literature indicates that physics-aware methods
remain underrepresented. This lack of physical grounding can lead to scientifically questionable
or misleading results, undermining confidence in ML-based downscaling. Efforts to address this
challenge fall broadly into two categories:

*  Physics-Informed Neural Networks (PINNs) and Constrained Learning:

-  Soft Constraints: This approach involves incorporating penalty terms into the model’s
loss function that discourage violations of known physical laws. The total loss becomes a
weighted sum of a data-fidelity term and a physics-based regularization term (e.g., Liota1 =
Lgata + Aphysics Lphysics)- Physics-informed loss functions have been explored to guide models
towards more physically realistic solutions. While soft constraints can reduce the frequency
and magnitude of physical violations, they may not eliminate them entirely and can introduce
a trade-off between statistical accuracy and physical consistency [25].

-  Hard Constraints: These methods aim to strictly enforce physical laws by design, either
by modifying the neural network architecture itself or by adding specialized output layers
that ensure the predictions satisfy the constraints. Harder et al. [27] introduced additive,
multiplicative, and softmax-based constraint layers that can guarantee, for example, mass con-
servation between low-resolution inputs and high-resolution outputs. Such hard-constrained
approaches have been shown to not only ensure physical consistency but also, in some cases,
improve predictive performance and generalization [27]. The rationale for PINNs includes
reducing the dependency on large datasets and enhancing model robustness by ensuring
physical consistency, especially in data-sparse regions or for out-of-sample predictions [26].
Recent work explores Attention-Enhanced Quantum PINNs (AQ-PINNSs) for climate mod-
eling applications like fluid dynamics, aiming for improved accuracy and computational
efficiency [128].
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e  Hybrid Dynamical-Statistical Models: Another avenue is to combine the strengths of ML with
traditional physics-based dynamical models (RCMs). This can involve using ML to emulate
computationally expensive components of RCMs, to statistically post-process RCM outputs
(e.g., for bias correction or further downscaling), or to develop hybrid frameworks where ML
and dynamical components interact [8,29]. For example, "dynamical-generative downscaling"
approaches combine an initial stage of dynamical downscaling with an RCM to an intermediate
resolution, followed by a generative Al model (like a diffusion model) to further refine the
resolution to the target scale. This leverages the physical consistency of RCMs and the efficiency
and generative capabilities of AI [9]. Such hybrid models aim to achieve a balance between
computational feasibility, physical realism, and statistical skill.

The integration of physical knowledge, whether through soft or hard constraints or via hybrid model-
ing, is increasingly recognized as crucial for developing ML downscaling methods that are not only
accurate but also scientifically credible and reliable for climate change applications.

9.2.2. Explainable AI (XAI): Unmasking the "Black Box"

Deep learning models are often criticized for being "black boxes" due to their complex internal
workings, making it difficult to understand the reasoning behind their predictions [8]. In the context of
climate science, where understanding underlying processes and building trust in model projections
are paramount, this lack of transparency is a significant barrier. Explainable Al (XAI) techniques aim
to shed light on how these models arrive at their decisions. We have observed that relatively few of
the reviewed studies incorporate XAl

The Need for Interpretability
XAl is crucial for several reasons:

e  Model Validation and Debugging: Understanding which input features a model relies on can
help identify if it has learned scientifically meaningful relationships or if it is exploiting spurious
correlations or artifacts in the training data. Understanding which input features a model relies
on can help identify if it has learned scientifically meaningful relationships or if it is exploiting
spurious correlations or artifacts in the training data - a phenomenon of shortcut learning where
models may appear "right for the wrong reasons".

®  Scientific Discovery: XAl can potentially reveal novel insights into climate processes by high-
lighting unexpected relationships learned by the model.

®  Building Trust: Transparent models whose decision-making processes align with physical under-
standing are more likely to be trusted by domain scientists and policymakers.

¢ Identifying Biases: XAI can help uncover hidden biases in the model or the data it was trained
on.

Common XAI Techniques Applied to Downscaling

e  Saliency Maps and Feature Attribution: Methods like Integrated Gradients, DeepLIFT, and Layer-
Wise Relevance Propagation (LRP) aim to attribute the model’s output (e.g., a high-resolution pixel
value) back to the input features (e.g., coarse-resolution predictor fields), highlighting which parts
of the input were most influential [8]. Gonzalez-Abad et al. [77] introduced aggregated saliency
maps for CNN-based downscaling, revealing that models might rely on spurious teleconnections
or ignore important physical predictors. LRP has been adapted for semantic segmentation tasks
in climate science, like detecting tropical cyclones and atmospheric rivers, to investigate whether
CNN:ss use physically plausible input patterns [129].

* Gradient-weighted Class Activation Mapping (Grad-CAM): This technique produces a coarse
localization map highlighting the important regions in the input image for predicting a specific
class (or, adapted for regression, a specific output value) [130]. While useful for visualization,
Grad-CAM may not differentiate well between input variables [129].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1538.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 November 2025 d0i:10.20944/preprints202511.1538.v1

36 of 62

e  SHAP (SHapley Additive exPlanations): Based on cooperative game theory, SHAP values explain
the prediction of an instance by computing the contribution of each feature to the prediction [131].
SHAP has been noted for its ability to reveal features that degrade forecast accuracy, though it
may inaccurately rank significant features in some contexts [132].

Challenges in XAl for Climate Downscaling

¢  Faithfulness and Plausibility: Ensuring that explanations truly reflect the model’s internal
decision-making process (faithfulness) and are consistent with physical understanding (plau-
sibility) is challenging [133]. Different XAI methods can yield different, sometimes conflicting,
explanations for the same prediction [134].

e  Relating Attributions to Physical Processes: While methods like integrated gradients are math-
ematically sound, the resulting attribution maps can be difficult to directly relate to specific,
understandable physical processes or mechanisms.

e  Standardization: Methodologies and reporting standards for XAl in climate downscaling remain
inconsistent, making comparisons across studies difficult. Different XAI methods can yield
conflicting explanations for the same prediction, and there is a lack of consensus on benchmark
metrics, hindering systematic evaluation [133].

* Beyond Post Hoc Explanations: Current XAI often provides post hoc explanations. There is
a growing call to move towards building inherently interpretable models or to integrate in-
terpretability considerations into the model design process itself, drawing lessons from how
dynamical climate models are understood at a component level. This involves striving for
"component-level understanding"” where model behaviors can be attributed to specific architec-
tural components or learned representations.

The development and integration of robust and meaningful XAI techniques are vital for transforming
ML downscaling models from "black boxes" into transparent and trustworthy scientific tools.

9.3. Representation of Extreme Events

Climate extremes, such as heavy precipitation, droughts, heatwaves, and cold spells, often have
the most significant societal and environmental impacts. Therefore, the ability of downscaling methods
to accurately represent the characteristics of these extreme events (e.g., frequency, intensity, duration,
spatial extent) is of paramount importance [44].

The Challenge

Standard ML models, particularly those trained with common loss functions like MSE, tend to
perform poorly in capturing extreme events. This is often because:

¢  Data Imbalance: Extreme events are rare by definition, leading to their under-representation in
training datasets—an issue long recognized in extreme value analysis [108]. Models optimized to
minimize average error across all data points may thus prioritize fitting common, non-extreme
values, effectively “smoothing over” or underestimating extremes. In precipitation downscaling,
tail-aware training (e.g., quantile losses) has been used precisely to counter this tendency [135];
empirical studies also note that standard DL architectures can underestimate heavy precipitation
and smooth spatial variability in extremes [44,121].

¢  Loss Function Bias: MSE loss, for example, penalizes large errors quadratically, which might
seem beneficial for extremes. However, because extremes are infrequent, their contribution to the
total loss can be small, and the model may learn to predict values closer to the mean to minimize
overall MSE, thereby underpredicting the magnitude of extremes. This regression-to-the-mean
behavior under quadratic criteria is well documented in hydrologic error decompositions [136];
tail-focused alternatives such as quantile (pinball) losses offer a direct mitigation [135].

e  Failure to Capture Compound Extremes: Models may also struggle to capture the co-occurrence
of multiple extreme conditions (e.g., concurrent heat and drought), which requires learning
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cross-variable dependence structures. Reviews of compound events highlight the prevalence and
impacts of such co-occurrences and the difficulty for standard single-target pipelines to reproduce
them [137,138]; see also evidence on changing risks of concurrent heat-drought in the U.S. [139].

Specialized Approaches for Extremes

Recognizing these limitations, researchers have developed and applied various specialized tech-
niques:

¢ Tailored Loss Functions: Using loss functions that give more weight to extreme values or are
specifically designed for tail distributions. Examples include:

—  Weighted Loss Functions: Assigning higher weights to errors associated with extreme events
(e.g., the Lextreme term in Eq. 1 from the original document [140]).

- Quantile Regression: Quantile Regression (QR) offers a powerful approach by directly model-
ing specific quantiles of a variable’s conditional distribution, which inherently allows for a
detailed focus on the distribution’s tails and thus on extreme values. For instance, Quantile
Regression Neural Networks (QRNNSs), as implemented by Cannon [40], provide a flexi-
ble, nonparametric, and nonlinear method. This approach avoids restrictive assumptions
about the data’s underlying distribution shape, a significant advantage for complex climate
variables like precipitation where parametric forms are often inadequate. A key feature of
the QRNN presented is its ability to handle mixed discrete-continuous variables, such as
precipitation amounts (which include zero values alongside a skewed distribution of positive
amounts). This is achieved through censored quantile regression, making the model adept at
representing both the occurrence and varying intensities of precipitation, including extremes.
Cannon [40] notes this was the first implementation of a censored quantile regression model
that is nonlinear in its parameters. Furthermore, the methodology allows for the full pre-
dictive probability density function (pdf) to be derived from the set of modeled quantiles.
This enables more comprehensive probabilistic assessments, such as estimating arbitrary
prediction intervals, calculating exceedance probabilities for critical thresholds (i.e., per-
forming extreme value analysis), and evaluating risks associated with different outcomes.
To enhance model robustness and mitigate overfitting, especially when data for extremes
might be sparse, Cannon [40] incorporates techniques like weight penalty regularization and
bootstrap aggregation (bagging). The practical relevance to downscaling is demonstrated
through an application to a precipitation downscaling task, where the QRNN model showed
improved skill over linear quantile regression and climatological forecasts. Importantly, the
paper also suggests that QRNNSs could be a "viable alternative to parametric ANN models for
nonstationary extremes", a crucial consideration for climate change impact studies where the
characteristics of extreme events are expected to evolve. The Quantile-Regression-Ensemble
(QRE) algorithm trains members on distinct subsets of precipitation observations corre-
sponding to specific intensity levels, showing improved accuracy for extreme precipitation
[141].

- Bernoulli-Gamma or Tweedie Distributions: For precipitation, which has a mixed discrete-
continuous distribution (zero vs. non-zero amounts, and varying intensity), loss functions
based on these distributions (e.g., minimizing Negative Log-Likelihood - NLL) can better
model both occurrence and intensity, including extremes [141].

- Dice Loss and Focal Loss: Explored for handling sample imbalance in heavy precipitation
forecasts, with Dice Loss showing similarity to threat scores and effectively suppressing false
alarms while improving hits for heavy precipitation [140].

¢  Generative Models (GANs and Diffusion Models): These models, by learning the underlying
data distribution, can be better at generating realistic extreme events compared to deterministic
regression models [32]. Diffusion models, in particular, have shown promise in capturing fine
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spatial features of extreme precipitation and reproducing intensity distributions more accurately
than GANs or CNNs [142].

e  Data Augmentation: Techniques to artificially increase the representation of extreme events in
the training data, as used in the SRDRN model [14].

*  Architectural Modifications: Designing model architectures or components specifically to handle
extremes, such as the gradient-guided attention model for discontinuous precipitation by Xiang
et al. [81] or multi-scale gradient processing in GANs. Beyond tailored loss functions and
data augmentation, the architectural choices within generative frameworks and other advanced
models are also pivotal for addressing the severe class imbalance inherent in extreme events and
for capturing their unique characteristics. For instance, some GAN variants, such as evtGAN,
integrate Extreme Value Theory to better model the tails of distributions associated with rare
events. Other architectural improvements, like the use of multi-scale gradients in MSG-GAN-SD,
aim for more stable training dynamics, which is a general challenge in GANs [58,123]. Diffusion
models, while noted for their stable training and ability to capture fine spatial details of extremes
such as precipitation [29], might inherently be better at representing multimodal distributions and
capturing tail behavior due to their iterative refinement process. This could make them less prone
to the averaging effects that often cause simpler architectures to underestimate extremes. Similarly,
attention mechanisms in Transformers, if appropriately designed, could learn to focus on subtle
precursors or localized features indicative of rare, high-impact events, thereby complementing
specialized loss functions in a synergistic manner. Effectively tackling extreme events thus
necessitates a holistic approach where the model architecture itself is capable of learning and
representing the complex, often subtle, features that characterize these rare phenomena, rather
than relying solely on adjustments to the loss function or data handling.

e  Extreme Value Theory (EVT) Integration: Combining ML with EVT provides a statistical frame-
work for modeling the tails of distributions. For instance, evtGAN [123] combines GANs with
EVT to model spatial dependencies in temperature and precipitation extremes [123]. Models
using Generalized Pareto Distribution (GPD) for tails can incorporate covariates from climate
models to improve estimates [108].

The accurate representation of extreme events remains an active and critical research area. The
limitations of standard ML approaches in this regard highlight the necessity for domain-specific
adaptations and the integration of statistical theories of extremes to ensure that downscaled projections
are useful for risk assessment and adaptation planning.

9.4. Uncertainty Quantification (UQ)

Climate projections are inherently uncertain, arising from multiple sources including future
emission scenarios, GCM structural differences, internal climate variability, and the downscaling
process itself. Quantifying these uncertainties is essential for robust decision-making. However,
explicit modeling of predictive uncertainty beyond a single deterministic output remains relatively
uncommon in the surveyed literature. While we did not quantify, uncertainty-aware methods clearly
represent a minority of existing approaches, underscoring the need for broader adoption and careful
calibration [64].

Sources of Uncertainty

e Aleatoric Uncertainty: Represents inherent randomness or noise in the data and the process being
modeled (e.g., unpredictable small-scale atmospheric fluctuations).

e  Epistemic Uncertainty: Arises from limitations in model knowledge, including model structure,
parameter choices, and limited training data. This uncertainty is, in principle, reducible with
more data or better models.

®  Scenario Uncertainty: Uncertainty in future greenhouse gas emissions and other anthropogenic
forcings.
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e GCM Uncertainty: Structural differences among GCMs lead to a spread in projections even for
the same scenario.
*  Downscaling Model Uncertainty: The statistical downscaling model itself introduces uncertainty.

UQ Approaches in ML Downscaling
e  Ensemble Methods:

- Deep Ensembles: Training multiple instances of the same DL model with different random
initializations (and potentially variations in training data via bootstrap sampling) and then
combining their predictions to estimate both the mean and the spread (uncertainty) [79,143].
DeepESD [10] is an example of a CNN ensemble framework that quantifies inter-model
spread from multiple GCM inputs and internal model variability. Deep ensembles can
improve UQ, especially for future periods, by providing confidence intervals [79]. The
optimal number of models in an ensemble for improving mean and UQ is often found to be
around 3-6 models [79].

- Multi-Model Ensembles (MMEs): Applying a downscaling model to outputs from multiple
GCMs to capture inter-GCM uncertainty.

e Bayesian Neural Networks (BNNs): These models learn a probability distribution over their
weights, rather than point estimates. By sampling from this posterior distribution, BNNs can
provide probabilistic predictions that inherently quantify both aleatoric and epistemic uncertainty
[144]. Techniques like Monte Carlo dropout are often used as a practical approximation to
Bayesian inference in deep networks [144]. Bayesian AIG-Transformer and Precipitation CNN
(PCNN) are examples of models incorporating these techniques for downscaling wind, and
precipitation [143,145].

Strengths: Provide a principled way to decompose uncertainty into aleatoric and epistemic
components.

Weaknesses: Can be computationally more expensive to train and sample from compared to
deterministic models or simple ensembles.

*  Generative Models for Probabilistic Output: GANs and Diffusion Models can, in principle,
learn the conditional probability distribution P(Yyr|X1r) and generate multiple plausible high-
resolution realizations for a given low-resolution input, thus providing a form of ensemble for
UQ. Diffusion models, in particular, are noted for their ability to model complex distributions
effectively [32].

*  Quantile Regression: As mentioned for extremes, models that predict quantiles of the distribution
(e.g., Quantile Regression Neural Networks [40]) directly provide information about the range of
possible outcomes.

Challenges in UQ

¢  Computational Cost: Probabilistic methods like BNNs and large ensembles can be computation-
ally intensive.

*  Validation of Uncertainty: Validating the reliability of uncertainty estimates, especially for
future projections where ground truth is unavailable, is a significant challenge. Pseudo-reality
experiments are often used for this [79].

¢ Communication of Uncertainty: Effectively communicating complex, multi-faceted uncertainty
information to end-users and policymakers is crucial but non-trivial.

Developing and implementing robust UQ methods is essential for building trust in ML-based down-
scaling and for providing actionable climate information that reflects the inherent uncertainties in
climate projections.
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9.5. Reproducibility, Data Handling, and Methodological Rigor

Beyond the core challenges of model performance and physical realism, several practical and
methodological issues affect the reliability and advancement of the field.

e  Reproducibility: Ensuring that research findings can be independently verified is a cornerstone
of scientific progress. In ML-based downscaling, this involves:

—  Public Code and Data: Sharing model code, training data (or clear pointers to standard
datasets), and pre-trained model weights [8].

- Containerization and Deterministic Environments: Using tools like Docker to create reproducible
software environments and ensuring deterministic operations in model training and inference
where possible [146].

-  Well-Defined Train/Test Splits and Evaluation Protocols: Clearly documenting how data is
split for training, validation, and testing, and using standardized evaluation protocols (like
VALUE [117]) to facilitate fair comparisons across studies.

Baselines. The seven-method study by Vandal et al. [1] justifies using strong linear /bias-
correction baselines (BCSD, Elastic-Net, hybrid BC+ML) alongside modern DL.
Spectral/structure metrics. Following Harris et al. [100] and Annau et al. [98], include power
spectra/structure functions, fraction skill scores, and spatial-coherence diagnostics to detect
texture hallucinations and scale mismatch.

Uncertainty metrics. For probabilistic models (GAN/VAEs/diffusion), report CRPS, reliability
diagrams/PIT, and quantile/interval coverage (as in 100; 40).

Tail-aware metrics. Report quantile-oriented scores (e.g., QVSS), return-level / return-period
consistency, and extreme-event FSS where relevant (cf. 124).

Explicitly include warming/OOD tests (e.g., pseudo-global-warming or future-slice vali-
dation). Rampal et al. [30] show intensity-aware losses and residual two-stage designs can
improve robustness for extremes under warming.

—  Active Frontiers: As noted in recent papers (e.g., Quesada-Chacoén et al. [8]), while repro-
ducibility advances are being made through such efforts, consistent adoption of best practices
across the community is still needed to ensure the robustness and verifiability of research
findings.

e Data Handling Issues:

- Collinearity: High correlation among predictor variables can make it difficult to interpret
model feature importance and can sometimes lead to unstable model training. This is
addressed through feature selection techniques (e.g., PCA), regularization methods inherent
in many ML models, or by careful predictor selection based on domain knowledge [132].

—  Feature Evaluation: Systematically evaluating the importance of different input features
for downscaling performance is crucial for model understanding and simplification. XAl
techniques can aid in this, but ablation studies (removing features and observing performance
changes) are also common [132].

—  Random Initialization: The performance of DL models can be sensitive to the random ini-
tialization of model weights. Reporting results averaged over multiple runs with different
initializations is good practice for robustness Quesada-Chacoén et al. [8], Bafio-Medina et al.
[11]. In addition to seed averaging, two complementary practices help reduce sensitivity
and convey uncertainty: (i) train independent replicas and aggregate them as a deep ensem-
ble to capture variability due to different initializations Gonzalez-Abad and Bafio-Medina
[79], Lakshminarayanan et al. [99]; and (ii) use approximate Bayesian methods such as
dropout-as-Bayesian at test time to reflect parameter uncertainty Gal and Ghahramani [144].

—  Suppressor Variables: These are variables that, when included, improve the predictive power of
other variables, even if they themselves are not strongly correlated with the predictand. Iden-
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tifying and understanding their role can be complex but important for model performance
[147].

*  Methodological Rigor in Evaluation:

- Beyond Standard Metrics: While RMSE is a common metric, it may not capture all relevant
aspects of downscaling performance, especially for spatial patterns, temporal coherence, or
extreme events. A broader suite of metrics is needed, including;:

+  Spatial correlation, structural similarity index (SSIM) [55].

+  Metrics for extremes (e.g., precision, recall, critical success index for precipitation thresh-
olds; metrics from Extreme Value Theory like GPD parameters or return levels) [8].

+  Metrics for distributional similarity (e.g., Earth Mover’s Distance, Kullback-Leibler
divergence) [148].

+  Metrics for temporal coherence and spatial consistency (e.g., spectral analysis, vari-
ogram analysis, or specific metrics like Restoration Rate and Consistency Degree from
TemDeep [7]). The Modified Kling-Gupta Efficiency (KGE) decomposes performance
into correlation, bias, and variability [136,149].

- Out-of-Sample Validation: Crucially, models must be validated on data that is truly indepen-
dent of the training set. This is particularly challenging for spatio-temporal climate data,
which is inherently non-independent and identically distributed (non-IID) due to strong spa-
tial and temporal autocorrelation. Standard k-fold cross-validation, which randomly splits
data, often violates the independence assumption. Spatial autocorrelation means that nearby
data points are more similar than distant points, so random splits can lead to data leakage,
where information from the validation set is implicitly present in the training set due to spa-
tial proximity, resulting in overly optimistic performance estimates [117]. Similarly, temporal
dependencies in climate time series mean that standard cross-validation can inadvertently
train on future data to predict the past, which is unrealistic for prognostic applications [80].
The failure to use appropriate validation for non-IID data contributes significantly to the
"performance paradox", where models appear to perform well under flawed validation
schemes but fail when evaluated more rigorously or deployed on truly independent OOD
data. Therefore, robust OOD validation, using specialized cross-validation techniques, is
essential to assess true generalization and avoid misleading performance metrics. Such
techniques include:

+  Spatial k-fold (or blocked) cross-validation: Data is split into spatially contiguous blocks
to ensure greater independence between training and validation sets.

+  Leave-Location-Out (LLO) cross-validation: Entire regions or distinct geographical
locations are held out for testing, providing a stringent test of spatial generalization [93].

+  Buffered cross-validation: A buffer zone is created around test points, and data within
this buffer is excluded from training to minimize leakage due to spatial proximity [150].

+  Temporal (blocked) cross-validation / Forward Chaining: For time-series aspects, data
is split chronologically, ensuring the model is always trained on past data and tested
on future data, mimicking operational forecasting. Beyond these, ‘warm-test” periods
(pseudo-future), such as those created through pseudo-global warming (PGW) experi-
ments, are also used for extrapolation assessment [151]. Adopting these robust validation
strategies is a prerequisite for accurately assessing generalization and building trust in
reported model performance

9.5.1. Challenges in Benchmarking and Inter-comparison

While initiatives like the VALUE framework [117] and the CORDEX ML Task Force [76] aim
to foster standardized evaluation, robust benchmarking and inter-comparison in ML-based climate
downscaling remain fraught with challenges [44]. A primary hurdle is the lack of universally accepted,
standardized benchmark datasets that comprehensively cover diverse climate regimes, a wide array of
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variables, and various downscaling tasks, particularly for complex phenomena like extreme events or
compound events [152]. This scarcity makes it difficult to perform equitable comparisons of model
performance across different studies. Compounding this issue is the wide variability in evaluation
metrics employed across the literature. While some metrics are common (e.g., RMSE), the lack of a
consensus on a comprehensive suite of metrics that capture different aspects of performance (e.g.,
spatial structure, temporal coherence, extreme value statistics, physical consistency) hinders direct and
meaningful comparisons of different ML architectures and approaches. Furthermore, it is often difficult
to attribute performance differences solely to the ML architecture versus other crucial choices in the
downscaling pipeline, such as predictor selection, the intricacies of data preprocessing, bias correction
techniques, or specific hyperparameter tuning strategies. The performance of an ML model is an
emergent property of this entire chain, making isolated architectural comparisons challenging without
strict experimental controls. Finally, the computational burden associated with running comprehensive
benchmarks across multiple models, various datasets, and for extended simulation periods can be
substantial. Training and evaluating numerous complex deep learning models, especially generative
ones or foundation models, require significant computational resources, which may not be available to
all research groups, potentially limiting participation in large-scale inter-comparison efforts. These
challenges underscore the continued need for community-driven efforts towards developing accessible,
comprehensive benchmark datasets and standardized, multi-faceted evaluation protocols to foster
more transparent and rigorous assessment of ML downscaling methods, as called for in Section 10.6.

Addressing these methodological aspects is vital for building a robust and reliable evi-
dence base for the utility of ML in climate downscaling. The collective impact of these chal-
lenges—transferability, physical consistency, interpretability, extreme event representation, UQ, and
methodological rigor—points to a field that, while having made enormous strides in leveraging ML
for complex pattern recognition, still requires significant development to mature into a fully trusted
operational tool for climate change impact assessment. The "performance paradox” noted in this
work—excellent in-sample results but often poor extrapolation—is a direct consequence of these
intertwined challenges.

10. Future Trajectories: Grand Challenges and Open Questions

To move beyond the "performance paradox" and resolve the "trust deficit," the ML downscaling
community must shift its focus from incremental improvements on in-distribution benchmarks to
tackling fundamental scientific and technical challenges. Drawing inspiration from community-wide
initiatives like the WCRP Grand Challenges [153], we identify four interconnected grand challenges
that will define the next decade of research. Addressing these is critical for developing ML downscaling
into a robust, trustworthy tool for climate science and adaptation planning.

10.1. Grand Challenge 1: Overcoming Non-Stationarity

The Challenge: The core scientific challenge is developing models that can reliably generalize to
future, out-of-distribution climate states. As established, purely statistical models trained on historical
data often fail under the covariate and concept drift induced by climate change.

Promising Approaches:

*  Causal/Mechanism-Aware ML: Learning physical/causal structure rather than surface correla-
tions—for example, physics-informed or analytically constrained neural networks that enforce
governing laws and invariants [26,154].

*  Foundation Models: Large, pretrained backbones learned from massive, diverse earth-system
data (e.g., multiple GCMs or reanalyses) that provide broad, reusable priors; usable zero-/few-
shot or with fine-tuning [23].

e  Domain Adaptation and Transfer Learning: Methods to adapt models from a source to a target
distribution like (historical—future, reanalysis—GCM, region A—B), including fine-tuning FMs
or smaller models and explicit shift-handling techniques [28].
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e Rigorous OOD Testing: Systematically using Pseudo-Global Warming (PGW) experiments
and holding out entire GCMs or future time periods for validation to stress-test and quantify
extrapolation capabilities [30].

Open Research Questions:

e  How can we formally verify that a model has learned a causal physical process rather than a
spurious shortcut?

*  What are the theoretical limits of generalization for a given model architecture and training data
diversity?

¢ Can online learning systems be developed to allow models to adapt continuously as the climate
evolves, mitigating concept drift in near-real-time applications?

10.2. Grand Challenge 2: Achieving Verifiable Physical Consistency

The Challenge: Ensuring that ML-downscaled outputs are not just statistically plausible but
rigorously adhere to the fundamental laws of physics (e.g., conservation of mass, energy, momentum).
This is a prerequisite for scientific credibility and reliable coupling with downstream impact models.

Promising Approaches:

*  Physics-Informed Machine Learning (PIML): The systematic integration of physical constraints,
either as soft constraints in the loss function [25] or as hard constraints embedded in the model
architecture [27], is the most direct path.

e  Hybrid Dynamical-Statistical Models: Frameworks like dynamical-generative downscaling
leverage a physical model to provide a consistent foundation, which an ML model then refines.
This approach strategically outsources the enforcement of complex physics to a trusted dynamical
core [9].

Open Research Questions:

*  How can we design computationally tractable physical loss terms for complex, non-differentiable
processes like cloud microphysics or radiative transfer?

*  What is the optimal trade-off between the flexibility of soft constraints and the guarantees of hard
constraints for multi-variable downscaling?

*  Can we develop methods to automatically discover relevant physical constraints from data, rather
than relying solely on pre-defined equations?

10.3. Grand Challenge 3: Reliable and Interpretable Uncertainty Quantification (UQ)

The Challenge: Moving beyond deterministic predictions to provide reliable, well-calibrated,
and understandable estimates of uncertainty. This involves quantifying uncertainty from all sources
(GCM, downscaling model, internal variability) and making the model’s decision-making process
transparent.

Promising Approaches:

e  Probabilistic Generative Models: Diffusion models, in particular, are state-of-the-art for generat-
ing high-fidelity ensembles from which to derive probabilistic forecasts and quantify uncertainty
[18,19].

*  Deep Ensembles and Bayesian Neural Networks (BNNs): These established techniques provide
principled frameworks for estimating epistemic (model) uncertainty [79,144].

e  Explainable AI (XAI): Using domain-specific XAI techniques to ensure that model predictions
and their associated uncertainties are based on physically meaningful precursors, thus building
trust in the UQ estimates [77,133].

Open Research Questions:

¢ How can we effectively validate UQ for far-future projections where no ground truth exists?
¢  How can we decompose total uncertainty into its constituent sources in a computationally efficient
manner for deep learning models?
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e How can we best communicate complex, multi-dimensional uncertainty information to non-
expert stakeholders to support robust decision-making?

10.4. Grand Challenge 4: Skillful Prediction of Climate Extremes

The Challenge: Accurately representing the statistics (frequency, intensity, duration) of high-
impact, rare extreme events. Standard ML models trained with MSE-like losses often underestimate
extremes due to data imbalance, a critical failure for risk assessment.

Promising Approaches:

¢  Tailored Loss Functions: Employing loss functions designed for imbalanced data or tail behavior,
such as Quantile Loss, Bernoulli-Gamma loss for precipitation, or Wasserstein-based penalties
[2,20,40].

*  Generative Models: GANs and Diffusion models that learn the entire data distribution are
inherently better at generating realistic extremes than models that only predict the conditional
mean [17,19].

*  Integration with Extreme Value Theory (EVT): Hybrid models that combine ML with statistical
EVT offer a principled way to model the extreme tails of climate distributions [123].

Open Research Questions:

*  How do we ensure that generative models produce extremes that are not only statistically realistic
but also physically plausible in their spatio-temporal evolution?

*  How will the statistics of compound extremes (e.g., concurrent heat and drought) change, and
can ML models capture their evolving joint probabilities?

e Can we develop models that explicitly predict changes in the parameters of EVT distributions
(e.g., GPD parameters) as a function of large-scale climate drivers?

10.5. Current State Assessment

Our comprehensive review reveals a field characterized by a "performance paradox" and a "trust
deficit". To keep the focus tight and non-redundant, we summarize the five recurring gaps succinctly
below:

1.  Performance Paradox: ML models, particularly deep learning architectures like CNNs, U-Nets,
and GANs, often demonstrate excellent performance on in-sample test data or when downscaling
historical reanalysis products. They excel at learning complex spatial patterns and non-linear
relationships, leading to visually compelling high-resolution outputs. However, this strong in-
sample performance frequently does not translate to robust extrapolation on out-of-distribution
data (e.g., future climate scenarios from different GCMs or entirely new regions)—a critical
limitation given that downscaling is intended to inform future projections.

2. Trust Deficit: The limited transparency of many deep learning models, together with historically
sparse uncertainty quantification, constrains end-user confidence and practical uptake. Without
clear reasoning traces and robust uncertainty estimates, the utility of ML-downscaled products
for decision-making remains limited.

3. Physical Inconsistency: Many current ML downscaling methods do not inherently enforce
fundamental physical laws (e.g., conservation of mass/energy, thermodynamic constraints).
Resulting fields can be statistically plausible yet physically unrealistic, undermining scientific
interpretability and downstream use.

4. Challenges with Extreme Events: Accurately capturing the frequency, intensity, and spatial
characteristics of extremes remains difficult. Class imbalance and commonly used loss functions
tend to underestimate magnitudes and misplace patterns of high-impact events; specialized
targets, data curation, and evaluation for extremes are required.

5. Data Limitations and Methodological Gaps: Scarcity of high-quality, high-resolution reference
data in many regions, together with inconsistent metrics, validation protocols, and reporting stan-
dards, impedes apples-to-apples comparison and cumulative progress. Recent work emphasizes
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that computational repeatability is essential for building trust and enabling rigorous comparison
across methods [8].

Answers to the Research Questions

RQ1 (Evolution of Methodologies): ML downscaling has progressed from CNN/U-Net base-
lines to generative models—GANs and diffusion—that better represent distributions and extremes,
and to transformer /foundation models that support cross-resolution/region transfer and multi-task
adaptation for downscaling [21,23,28,31]. This trajectory is reflected in studies on transferability and
resolution-agnostic generalization, as well as in early reproducibility baselines [21,28,29].

RQ2 (Persistent Challenges): Despite architectural progress, core gaps persist in out-of-distribution
robustness/extrapolation (especially under warming), physics consistency and diagnostics, extremes
fidelity, and reproducibility /benchmarking. Recent work highlights systematic OOD stress testing
and extrapolation limits, and underscores the need for stronger evaluation protocols [28-30].

RQ3 (Emerging Solutions/Trajectories): Promising directions include standardized physics—-ML
interfaces and tests, principled probabilistic modeling and UQ (with diffusion as a natural vehicle),
rigorous OOD protocols, and careful adaptation of foundation/transformer models to downscaling
tasks (cross-grid /region transfer with validation safeguards) [21,23,28,31].

10.6. Priority Research Directions

Based on this critical assessment, several priority research directions emerge as essential for
advancing the field of ML-based climate downscaling towards greater reliability, trustworthiness, and
operational utility.

1.  Robust Extrapolation and Generalization Frameworks (Addressing RQ2:

e Systematic Evaluation Protocols: Develop and adopt standardized protocols and benchmark
datasets specifically designed to test model transferability across different climate states
(historical, near-future, far-future), different GCMs/RCMs, and diverse geographical regions.
This includes rigorous out-of-sample testing beyond simple hold-out validation.

®  Metrics for Generalization: Establish and utilize metrics that explicitly quantify generalization
and extrapolation capability, rather than relying solely on traditional skill scores computed
on in-distribution test data.

e Understanding Failure Modes: Conduct systematic analyses of why and when ML models
fail to extrapolate, linking failures to model architecture, training data characteristics, or
violations of physical assumptions.

2. Physics-ML Integration and Hybrid Modeling Standards (Addressing RQ2):

e Standardized PIML Approaches: Develop and disseminate standardized methods and libraries
for incorporating physical constraints (both hard and soft) into common ML architectures
used for downscaling. This includes guidance on formulating physics-based loss terms and
designing constraint-aware layers.

e Validation Suites for Physical Consistency: Create benchmark validation suites that explic-
itly test for adherence to key physical laws (e.g., conservation principles, thermodynamic
consistency, realistic spatial gradients and inter-variable relationships).

*  Advancing Hybrid Models: Foster research into hybrid models that effectively combine the
strengths of process-based dynamical models with the efficiency and pattern-recognition
capabilities of ML, including RCM emulators and generative Al approaches for refining
RCM outputs Tomasi et al. [18].

3. Operational Uncertainty Quantification (Addressing RQ3):

®  Beyond Point Estimates: Shift the focus from deterministic (single-value) predictions to
probabilistic projections that provide a comprehensive assessment of uncertainty.
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e Efficient UQ Methods: Develop and promote computationally efficient UQ methods suitable
for high-dimensional DL models, such as scalable deep ensembles, practical Bayesian deep
learning techniques (e.g., with improved variational inference or MC dropout strategies),
and generative models capable of producing reliable ensembles [19,79,144].

®  Decomposition and Attribution of Uncertainty: Advance methods to decompose total uncer-
tainty into its constituent sources (e.g., GCM uncertainty, downscaling model uncertainty,
internal variability) and attribute uncertainty to specific model components or assumptions.

e User-Oriented Uncertainty Communication: Develop effective tools and protocols for commu-
nicating complex uncertainty information to diverse end-users in an understandable and
actionable manner.

4.  Explainable and Interpretable Climate AI (Addressing RQ3):

*  Domain-Specific XAl Metrics: Establish XAI metrics and methodologies that are specifically
relevant to climate science, moving beyond generic XAI techniques to those that can provide
physically meaningful insights.

*  Linking ML Decisions to Physical Processes: Develop XAl techniques that can causally link ML
model decisions and internal representations to known climate processes and drivers, rather
than just highlighting input feature importance [133].

*  Standards for Model Documentation and Interpretation: Promote standards for documenting
ML model architectures, training procedures, and the results of interpretability analyses to
enhance transparency and facilitate critical assessment by the broader scientific community
[133].

5. Community Infrastructure and Benchmarking (Addressing all RQs):

®  Shared Evaluation Frameworks: Expand and support the community-driven evaluation frame-
works (e.g., extending the VALUE initiative [117]) to facilitate systematic intercomparison of
ML downscaling methods using standardized datasets and metrics.

®  Reproducible Benchmark Datasets: Curate and maintain open, high-quality benchmark datasets
specifically designed for training and evaluating ML downscaling models across various re-
gions, variables, and climate conditions. These should include data for testing transferability
and extreme event representation.

®  Open-Source Implementations: Encourage and support the development and dissemination
of open-source software implementations of key ML downscaling methods and PIML
components to lower the barrier to entry and promote reproducibility.

e Collaborative Platforms: Foster collaborative platforms and initiatives (e.g., CORDEX Task
Forces on ML [76]) for sharing knowledge, best practices, model components, and down-
scaled datasets.

Addressing these research priorities requires a concerted, interdisciplinary effort involving climate
scientists, ML researchers, statisticians, and computational scientists. The focus must shift from solely
optimizing statistical performance metrics towards developing ML downscaling methods that are
robust, physically consistent, interpretable, and uncertainty-aware, thereby building the trust necessary
for their widespread adoption in climate change impact assessment and adaptation planning.

11. Ethical Considerations, Responsible Development, and Governance in
Ml-Based Climate Downscaling

As ML-based climate downscaling matures and its outputs increasingly inform policy, adaptation
planning, and resource allocation, a critical examination of the associated ethical dimensions, responsi-
ble development practices, and governance structures becomes paramount [155]. Addressing these
aspects is crucial for mitigating risks, ensuring equitable outcomes, and bolstering the "trust deficit"
identified earlier in this review.
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In current practice, climate services and national assessments rely heavily on statistical downscaling
and bias adjustment to deliver regional information from GCMs to users, with products such as LOCA2
and STAR-ESDM used to generate bias-adjusted, high-resolution fields for the United States [114].
IPCC AR6 (WGI, Ch. 10) likewise characterizes statistical downscaling and bias adjustment as useful
approaches for many applications, while cautioning that bias adjustment cannot remedy misrepre-
sented processes and may introduce implausible change signals if misapplied [113]. This institutional
baseline clarifies the adoption bar for ML methods: beyond headline metrics, they need to surpass
trusted statistical pipelines on fit-for-purpose diagnostics and avoid creating spurious signals under
non-stationarity.

11.1. Algorithmic Bias, Fairness, and Equity

A significant ethical concern is the potential for biases present in training data to be learned
and amplified by ML models [156]. Observational networks may have uneven spatial or temporal
coverage, historical data can reflect past inequities, and GCMs themselves possess inherent biases. If
not carefully addressed, ML models can perpetuate these biases, leading to downscaled projections
that disproportionately affect vulnerable communities or regions [157]. This potential for algorithmic
bias is not merely an abstract concern but a direct consequence of the technical issues discussed earlier.
The underrepresentation of extreme events in training data (9.3) and the geographical biases in high-
quality observational networks (6.5) can lead to models that perform poorly for the most vulnerable
regions and conditions, resulting in an inequitable distribution of risk and a misallocation of adaptation
resources. Fairness considerations also arise if models perform differently across diverse geographical
areas or demographic groups due to data imbalances or the learning of spurious correlations that do
not generalize equitably [158].

Why This Matters for Downscaling (Tied to Prior Sections)

Biases in training data and model design manifest most acutely when transferring across regions
and regimes with sparse or heterogeneous observations. For ML downscaling, this links directly to data
sparsity and pre-processing (Section 6.5), transferability and domain shift (Section 9.1), and the representation
of extremes (Section 9.3). Concretely, uneven gauge/satellite coverage and quality control gaps can
skew learned relationships, producing underestimation of heavy tails in underserved regions and
overconfident outputs (see also UQ, Section 9.4).
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RESPONSIBILITY CHAIN

Provide clearly licensed/provenanced
boundary and scenario inputs and
document known biases/uncertainties,
following coordinated designs (e.g.,
CORDEX CMIP6) to avoid downstream
misuse and hidden assumptions.

Prevent leakage and bias and ensure
transferability by using robust
validation (VALUE/blocked or spatial
CV), pseudo-reality/PGW tests,
physics constraints, and transparent
interpretability documentation

4
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. End-users / policymakers
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Guard against equity gaps and the
digital divide by ensuring access,

participation, and context-aware
deployment so ML downscaling
doesn’t amplify existing
vulnerabilities, especially in the
Global South

Figure 6. The Responsibility Chain in ML-based Downscaling. This framework outlines the ethical and governance
duties for each stakeholder group, from the initial GCM data provision to the final community-level impact.
Fulfilling these responsibilities is critical for building trust and ensuring the equitable and effective use of
downscaled climate information.

Practitioner Checklist

*  Report data coverage maps and per-region sample counts used in training and validation (ties to
Section 6.5); stratify metrics by data-rich vs. data-scarce subregions.

*  Use shift-robust training/evaluation (Section 9.1): e.g., held-out regions, time-split OOD tests,
and stress tests on atypical synoptic regimes.

*  Track extreme-aware metrics (Section 9.3): CSI/POD at multi-thresholds, tail-MAE, quantile
errors, and bias of return levels.
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*  Quantify epistemic uncertainty (Section 9.4) and suppress overconfident deployment in regions
with low training support; communicate abstentions or wide intervals as a feature, not a bug.

Mini-Case (Sparse Data — Biased Extremes — Policy Risk)

Under sparse or uneven observations, ML downscalers can underestimate heavy tails and gener-
alize poorly across products and ESMs [28,32,121]. For end-of-century extreme rainfall, deterministic
baselines can miss warming-driven increases, whereas GANs recover a much larger fraction [30].
Governance therefore prioritizes (a) extreme-aware metrics and region-stratified reporting (Section 9.3);
(b) shift-robust validation (Section 9.1); and (c) uncertainty + abstention policies (Section 9.4) to avoid
misallocation of adaptation resources.

11.2. Transparency, Accountability, and Liability

While XAI techniques (discussed in Section 9.2.2) aim to improve transparency in model workings,
broader accountability structures are essential. Key questions include: Who bears responsibility if
flawed ML-downscaled projections contribute to maladaptation, negative socioeconomic outcomes,
or environmental damage? Establishing clear lines of accountability within the complex chain from
GCM development, through ML downscaling, to end-user application is a significant challenge.
This involves not only technical transparency but also governance mechanisms that define roles,
responsibilities, and potential liabilities [155].

Make Transparency Operational

Link transparency to the evaluation protocol (Section 7) and model choice rationale (Section 8.1).
Provide a minimal “model card for downscaling” that includes training domains, variable lists, pre-
processing steps, physics constraints (if any), and the full metric suite from Section 7, stratified by
regime and region. Use XAl only insofar as it illuminates failure modes relevant to transfer and
extremes (Section 9.2.2).

11.3. Accessibility, Inclusivity, and the Digital Divide

Capacity for climate services remains uneven globally. The WMO'’s State of Climate Services
2024 documents persistent capability gaps across National Meteorological and Hydrological Services
(NMHSs), with only about one third delivering climate services at an “essential” level and roughly
another third at “advanced” or “full” levels, highlighting regional disparities in access and delivery
[166].

The substantial computational costs (see Sections 4, 5.4.1, and 11.1), extensive data requirements,
and specialized expertise needed can limit participation from researchers, institutions, and communi-
ties in less-resourced regions, particularly in the Global South [164]. This can lead to a concentration
of development capacity in wealthier nations and institutions, potentially tailoring solutions to their
specific contexts and data availability, rather than addressing global needs equitably [164]. Promoting
equitable access to tools, open datasets, computational resources, and capacity-building initiatives is
crucial for ensuring global participation and benefit from these technologies [165].

Tie to Data-Scarce Regions and Model Bias

The “Digital divide” here is not generic: it maps to concrete risks identified earlier—training set
sparsity (Section 6.5) and domain shift (Section 9.1). Where observational density is low, models tend
to underestimate intensity and misplace extremes (Section 9.3).

Actionable Steps

e  Publish downscaling baselines and trained weights under permissive licenses; provide lightweight
inference paths for low-resource agencies.

®  Release region-stratified diagnostics and data coverage artifacts so local stakeholders can judge
fitness-for-use.
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e  Prioritize augmentation/sampling schemes that upweight underrepresented regimes and seasons,
with ablation evidence (links to Section 7). Augmentation, of course, must respect the invariant
transformations of the augmented data in climate science.

11.4. Misinterpretation, Misuse, and Communication of Uncertainty
Communicating Uncertainty for Decisions

Given the low signal-to-noise of regional precipitation projections over decadal horizons [163],
we require calibrated predictive distributions and abstention rules (Section 9.4). Use deep ensembles
or calibrated likelihoods to report coverage and reliability stratified by regime/region [99,167], and
explicitly flag data-sparse areas where epistemic uncertainty is high (Sections 6.5, 9.1).

There is a considerable risk that high-resolution ML-downscaled outputs might be perceived
by non-expert users as overly precise or certain, especially if Uncertainty Quantification (UQ, see
Section 9.4) is inadequate or if its communication is poor. This can lead to the misinterpretation of
projections and their potential misuse in decision-making processes where inherent uncertainties are
not fully appreciated or integrated. Effective communication strategies for conveying the nuances of
uncertainty, model limitations, and appropriate use cases to diverse stakeholders are vital to prevent
maladaptation and ensure responsible application. The spread of misinformation or disinformation
based on misconstrued climate data also poses a threat [168].

11.5. Data Governance, Privacy, and Ownership

The vast datasets used for training foundation models and other large-scale ML applications
in climate downscaling necessitate robust data governance frameworks. While much climate data
is open, questions around the ownership, stewardship, and accessibility of derived data products,
model outputs, and the underlying data commons are emerging. Ensuring data quality, integrity,
interoperability, and security is critical [158]. While direct privacy concerns might seem less prominent
than in fields like healthcare, they could arise in highly localized human impact studies or when
integrating socio-economic data [155]. Ethical data handling, clear licensing, and transparent data
management practices are essential.

Downscaling-Specific Governance

Document data licenses and redistribution constraints alongside the evaluation artifacts (Section 7).
Where privacy or licensing prevents data release, release surrogate evaluation kits: masked test loaders,
synthetic-but-structurally-matched benchmarks, or server-side evaluation that still produces the full
metric protocol including extremes and UQ summaries.

11.6. The Need for Governance Frameworks and Best Practices

Addressing the multifaceted ethical challenges outlined above calls for the proactive development
and adoption of community-driven ethical guidelines, codes of conduct, and overarching governance
frameworks specifically tailored to the responsible development and application of ML in climate
downscaling and broader climate services [155]. Such frameworks should promote fairness, account-
ability, transparency, and sustainability throughout the Al lifecycle. This includes establishing clear
protocols for model validation, bias detection and mitigation, uncertainty communication, stakeholder
engagement, and assessing the full lifecycle impacts of Al systems, including their environmental
footprint [169].

A Minimal, Testable Governance Bundle (Linked to Prior Sections)

In line with the risks evidenced by transfer/extrapolation limits [28,80,121] and extremes [30,32],
we recommend: (i) Model card for downscaling: training domains, coverage maps, variables, pre-
processing, physics constraints, and exact metric suite (Section 7); (ii) Shift-robust validation: held-out
regions, product/variable shifts, future-like pseudo-reality tests (Sections 9.1, 6.5); (iii) Extremes-first
reporting: CSI/POD at multiple thresholds, tail-MAE/quantile errors, bias of return levels (Section 9.3);
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(iv) Uncertainty and abstention: deep ensembles or calibrated distributions, region/regime-stratified
reliability and explicit abstention where training support is low (Section 9.4); (v) Open diagnostics:
release region-stratified metrics and coverage artifacts (or privacy-preserving surrogate kits) to enable
local fitness-for-use (Section 7).

12. Future Outlook: The Next Decade of ML in Climate Downscaling

The field of machine learning for climate downscaling is poised for continued rapid evolution
in the coming decade. Building upon the current momentum and addressing the identified research
priorities will likely lead to several emerging paradigms and necessitate critical success factors for
sustained progress.

12.1. Emerging Paradigms
12.1.1. Foundation Models for Climate Downscaling

Inspired by the success of large pre-trained foundation models in natural language processing
(NLP) and computer vision, a similar paradigm is emerging in climate science [75]. These models,
such as Prithvi WxC [23], FourCastNet [22], and ORBIT-2 [74], are trained on massive, diverse climate
datasets (e.g., decades of reanalysis data like MERRA-2 or ERAS).

Potential Benefits: ®©  Enhanced Transfer Learning: These models could provide powerful, pre-trained
representations of atmospheric and Earth system dynamics, enabling effective transfer
learning to specific downscaling tasks across various regions, variables, and GCMs with
significantly reduced data requirements for fine-tuning [75].

*  Multi-Task Capabilities: Foundation models can be designed for multiple downstream tasks,
including forecasting, downscaling, and parameterization learning, offering a versatile tool
for climate modeling.

o Implicit Physical Knowledge: Through pre-training on vast datasets governed by physical
laws, these models might implicitly learn and encode some degree of physical consistency,
although explicit PIML techniques will likely still be necessary to guarantee it.

Challenges: Developing and training these massive models require substantial computational re-
sources and curated large-scale datasets. Ensuring their generalizability and avoiding the
propagation of biases learned during pre-training are also critical research areas.

12.1.2. Hybrid Hierarchical and Multi-Scale Approaches

Future downscaling systems are likely to involve more sophisticated hierarchical and multi-scale
modeling chains, combining the strengths of different approaches. This could involve:

*  Global ML models or foundation models providing coarse, bias-corrected boundary conditions.

¢ Regional physics-informed ML models or RCM emulators operating at intermediate scales,
incorporating more detailed regional physics.

¢ Local stochastic generators or specialized ML models (e.g., for extreme events or specific microcli-
mates) providing the final layer of high-resolution detail and variability.

This approach acknowledges that different processes dominate at different scales, and a single mono-
lithic model may not be optimal for all aspects of downscaling.

12.1.3. Online Learning and Continuous Model Adaptation

Current ML downscaling models are typically trained offline on a fixed dataset. Future systems
may incorporate online learning capabilities, allowing them to continuously update and adapt as new
observational data become available or as the climate itself evolves.

Benefits: This could help mitigate the stationarity assumption by allowing models to learn changing
relationships over time and improve their performance for ongoing or near-real-time downscaling
applications.
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Challenges: Ensuring model stability, avoiding catastrophic forgetting (where learning new data
degrades performance on old data), and managing the computational demands of continuous
retraining are significant hurdles.

12.1.4. Deep Integration of Causal Inference and Process Understanding

There will likely be a stronger push towards ML models that not only predict accurately but
also provide insights into the causal mechanisms driving local climate phenomena. This involves
developing techniques that can infer causal relationships from data and building models whose
internal structures reflect known physical processes, moving beyond correlative relationships. This
aligns with the need for more robust generalization and interpretability.

12.2. Critical Success Factors

Realizing the full potential of these emerging paradigms and advancing the field of ML-based
climate downscaling will depend on several critical success factors:

1. Interdisciplinary Collaboration: Sustained and deep collaboration between climate scientists,
ML researchers, statisticians, computational scientists, and domain experts from impact sectors is
essential. Climate scientists bring crucial domain knowledge about physical processes and data
characteristics, while ML experts provide algorithmic innovation.

2. Open Science Practices: The continued adoption of open science principles—including the
sharing of code, datasets, model weights, and standardized evaluation frameworks—is vital for
reproducibility, transparency, and accelerating collective progress [8]. Initiatives like CORDEX
and CMIP6, which foster data sharing and model intercomparison, provide valuable models for
the ML downscaling community [170,171].

3. Deep Stakeholder Engagement and Co-production Throughout the Lifecycle: While listed
as a critical success factor, the principle of stakeholder engagement and co-design deserves
elevated emphasis, framed not merely as a desirable component but as an essential element
integrated throughout the entire research, development, and deployment lifecycle of ML-based
downscaling tools and climate services. Moving beyond consultation, true co-production involves
iterative, sustained processes of relationship building, shared understanding, and joint output
development with end-users and affected communities.

Actively involving end-users from diverse sectors (e.g., agriculture, water resource management,
urban planning, public health, indigenous communities) from the very outset of ML downscaling
projects offers profound benefits [165]:

¢  Ensuring Relevance and Actionability: Co-production helps ensure that ML downscal-
ing efforts are targeted towards producing genuinely useful, context-specific, and action-
able information that meets the actual needs of decision-makers rather than being solely
technology-driven.

* Defining User-Relevant Evaluation Metrics: Collaboration with users can help define
evaluation metrics and performance targets that reflect their specific decision contexts and
thresholds of concern, moving beyond purely statistical measures to those that indicate
practical utility.

*  Building Trust and Facilitating Uptake: A transparent, demand-driven, and participatory
development process fosters trust in the ML models and their outputs. When users are part
of the creation process, they gain a better understanding of the model’s capabilities and
limitations, which facilitates the responsible uptake and integration of ML-derived products
into their decision-making frameworks.

*  Addressing the "Trust Deficit": By fostering a collaborative environment, co-production
directly addresses the "trust deficit". It allows for a two-way dialogue where the complex-
ities, uncertainties, and assumptions inherent in ML downscaling are openly discussed
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and understood by both developers and users, leading to more realistic expectations and
appropriate applications.

* Incorporating Local and Indigenous Knowledge: Participatory approaches can facilitate
the integration of valuable local and indigenous knowledge systems with scientific data,
leading to more holistic and effective adaptation strategies [172].

This deep engagement transforms the development of ML downscaling from a purely technical
exercise into a collaborative endeavor aimed at producing societal value and supporting equitable
climate resilience [165].

The next decade promises further exciting advancements in ML-based climate downscaling. By focus-
ing on overcoming current limitations related to physical consistency, transferability, and uncertainty,
and by embracing collaborative and open research practices, the field can move towards providing
increasingly reliable and actionable high-resolution climate information to support societal adaptation
to a changing climate.

13. Conclusions

This comprehensive review of machine learning applications in climate downscaling from 2010 to
2025 reveals a field that has undergone a profound transformation, driven largely by the advent of deep
learning. ML models, particularly Convolutional Neural Networks, U-Nets, Generative Adversarial
Networks, and increasingly, Transformers and Diffusion Models, have demonstrated remarkable
capabilities in learning complex relationships between coarse-resolution climate model outputs and
fine-scale local climate variables. This has led to significant improvements in pattern recognition,
spatial detail enhancement, and, in some cases, the representation of extreme events compared to
traditional statistical downscaling methods. However, the journey towards operational and scientif-
ically robust ML-based downscaling is far from complete. We stand at a critical juncture where the
impressive technical performance often observed in controlled settings must be reconciled with the
fundamental requirements of climate projection for impact assessment and adaptation planning. The
core challenges identified throughout this review—namely, transferability and domain adaptation,
physical consistency, explainability and interpretability, robust uncertainty quantification, and the
accurate representation of extreme events—remain significant hurdles. The "performance paradox”,
where models excel on historical data but falter under novel future conditions, and the "trust deficit,"
stemming from the black-box nature of many models and inadequate UQ), are central concerns that
demand urgent attention. The path forward requires a concerted shift away from purely statistical
optimization towards the development and adoption of ML methods that are:

* Robustly Generalizable: Capable of extrapolating reliably to unseen climate model outputs,
future climate scenarios, and diverse geographical regions. This necessitates rigorous validation
frameworks that explicitly test for out-of-distribution performance and the development of
models that learn more fundamental, transferable relationships.

* Physically Consistent: Adhering to known physical laws and principles. The integration of
physical knowledge, through physics-informed neural networks (hard or soft constraints) or
hybrid modeling approaches, is crucial for enhancing the scientific credibility and realism of
downscaled projections.

e Interpretable and Explainable: Providing transparent insights into how predictions are made.
Advancements in domain-specific XAl are needed to move beyond simple feature attribution to a
deeper understanding of whether models are learning scientifically meaningful processes.

e Uncertainty-Aware: Providing comprehensive and reliable quantification of the various sources
of uncertainty inherent in climate projections. This involves moving beyond deterministic predic-
tions to probabilistic outputs that can effectively inform risk assessment and decision-making.

*  Proficient with Extremes: Specifically designed and validated to capture the changing character-
istics of high-impact extreme weather and climate events, which are often the most critical aspects
for adaptation.
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The research priorities outlined—focusing on robust extrapolation frameworks, physics-ML integration
standards, operational UQ, explainable climate Al, and community infrastructure—provide a roadmap
for addressing these challenges. The emergence of foundation models, advanced hybrid approaches,
and online learning systems offers exciting new avenues, but their success will hinge on interdisci-
plinary collaboration, open science practices, and sustained investment in research and infrastructure.
Ultimately, the goal is to harness the power of machine learning not just to produce statistically skillful
downscaled data, but to generate high-resolution climate information that is reliable, trustworthy, and
directly usable for understanding and navigating the complexities of a changing climate. The next rev-
olution in ML-based downscaling will likely be characterized by a deeper synergy between the pattern
recognition prowess of advanced algorithms and the rigorous principles of physical climate science.
Success in this endeavor will determine whether ML-based downscaling becomes an indispensable
cornerstone of climate services or remains a promising but ultimately limited academic pursuit. The
continued critical investigation, methodological innovation, and collaborative spirit demonstrated by
the research community offer strong grounds for optimism.
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