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ABSTRACT

We introduce a universal diffusion-based downscaling framework that lifts determin-
istic low-resolution weather forecasts into probabilistic high-resolution predictions
without any model-specific fine-tuning. A single conditional diffusion model is
trained on paired coarse-resolution inputs (∼25 km resolution) and high-resolution
regional reanalysis targets (∼5 km resolution), and is applied in a fully zero-shot
manner to deterministic forecasts from heterogeneous upstream weather models.
Focusing on near-surface variables, we evaluate probabilistic forecasts against inde-
pendent in situ station observations over lead times up to 90 h. Across a diverse set
of AI-based and numerical weather prediction (NWP) systems, the ensemble mean
of the downscaled forecasts consistently improves upon each model’s own raw
deterministic forecast, and substantially larger gains are observed in probabilistic
skill as measured by CRPS. These results demonstrate that diffusion-based down-
scaling provides a scalable, model-agnostic probabilistic interface for enhancing
spatial resolution and uncertainty representation in operational weather forecasting
pipelines.

1 INTRODUCTION

Accurate weather prediction requires approximating solutions of highly nonlinear partial differential
equations governing atmospheric flow. Operational global forecasting systems represent the atmo-
sphere on finite grids, typically at horizontal resolutions of 9–25 km for global deterministic forecasts.
At these resolutions, many near-surface processes and land–atmosphere interactions remain only
partially resolved. Sub-grid-scale effects associated with terrain, surface roughness, land use, and
boundary-layer structure are therefore suppressed or parameterized, leading to systematic loss of
small-scale spatial variability. This loss directly impacts forecast skill for near-surface variables such
as 2 m temperature and 10 m wind speed, which are strongly controlled by local surface heterogeneity
(Maraun, 2010; Benestad, 2008).

A widely used strategy to address this limitation is downscaling, i.e. the enrichment of coarse-
resolution forecasts with fine-scale spatial detail. Dynamical downscaling resolves the governing
equations on a finer grid using a nested regional model driven by coarse boundary conditions (Giorgi
& Mearns, 1999). While physically consistent, this approach remains computationally expensive and
tightly coupled to specific NWP model configurations.

An alternative class of methods, commonly referred to as statistical or data-driven downscaling,
seeks to infer fine-scale fields directly from coarse-resolution predictors using empirical or learned
mappings (Wilby et al., 1998a; Maraun, 2010). From a modeling perspective, statistical downscaling
constitutes an ill-posed inverse problem: the mapping from a coarse atmospheric state to fine-scale
realizations is not unique, and multiple high-resolution fields may be consistent with the same large-
scale conditions. As a result, deterministic regression-based approaches whether based on linear
models, analog methods, or supervised machine learning tend to converge toward conditional means,
producing overly smooth fields and systematically under-representing variability and uncertainty
(Benestad, 2008; Maraun, 2010). This limitation is particularly pronounced for near-surface variables
and in complex terrain.
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In addition, access to probabilistic forecasts is essential for many weather-dependent decision-making
applications. Nevertheless, operational systems are often restricted to deterministic outputs because
uncertainty estimation, typically achieved via ensemble models is computationally expensive.

A natural remedy is to abandon deterministic mappings altogether and instead formulate downscaling
as the problem of learning the conditional distribution of fine-scale states given a coarse-resolution
forecast. However, learning high-dimensional conditional distributions in a stable and scalable
manner has remained a major challenge for data-driven downscaling.

Recent advances in generative modeling offer a promising pathway to address this challenge. In
particular, diffusion-based models have demonstrated the ability to learn complex, high-dimensional
probability distributions and to generate realistic samples conditioned on auxiliary inputs (Ho et al.,
2020; Karras et al., 2022; Molinaro et al., 2025a). In this work, we adopt this perspective and
formulate high-resolution downscaling as a conditional generative modeling problem. We introduce
a diffusion-based framework that learns a stochastic mapping from coarse-resolution atmospheric
states to distributions of fine-scale surface fields, trained solely on paired reanalysis data.

A key feature of our approach is its model-agnostic design. The downscaler is trained once using
low-resolution→high-resolution analysis or reanalysis pairs and is subsequently applied zero-shot
as a post-processing step to a diverse set of heterogeneous deterministic forecasts, spanning both
AI-based and NWP systems. This decouples the learning of fine-scale surface structure from the
upstream forecast model and allows a single probabilistic module to be reused across forecasting
pipelines with different numerical formulations, resolutions, and systematic biases.

Using independent in situ station observations, we show that diffusion-based downscaling consistently
improves forecast quality across all tested upstream models. Improvements are observed both in point
accuracy, measured by RMSE of the ensemble mean, and—more prominently—in probabilistic skill,
measured by CRPS. This demonstrates that diffusion-based downscaling enables uncertainty-aware
probabilistic forecasting from deterministic inputs, rather than improving point predictions alone.

Our main contributions are:

• We introduce a single, model-agnostic conditional diffusion downscaler trained solely on
low-resolution→high-resolution reanalysis pairs, which can be applied zero-shot as a post-
processing step to heterogeneous operational deterministic forecasts from both AI-based
and NWP models.

• We show that a single deterministic forecast can be lifted to a probabilistic forecast without
explicit ensembling, providing uncertainty-aware predictions at a fraction of the computa-
tional cost of traditional ensemble systems.

• We demonstrate through independent weather station verification that this plug-and-play
downscaling consistently improves forecast quality across diverse upstream systems at
continental (European) scale, yielding gains in both point accuracy and probabilistic skill
across multiple near-surface variables.

2 RELATED WORK

In recent years, there has been substantial interest in learning solution operators to partial differential
equations from data, rather than solving the governing equations using numerical integration (Li et al.,
2021; Raonić et al., 2023; Herde et al., 2024). Weather and climate modeling has proven itself as a
particularly fertile ground for such approaches, given the vast amounts of historical data available
from reanalysis products (Hersbach et al., 2020) and the high computational cost of traditional
numerical solvers (Pathak et al., 2022; Lam et al., 2023; Lang et al., 2024; Bodnar et al., 2024).

While many AI-based weather models have shown impressive results in terms of error metrics
compared to their numerical counterparts such as the ECMWF IFS (European Centre for Medium-
Range Weather Forecasts (ECMWF), 2024), their deterministic training objectives (e.g., mean
squared error) lead them to regress to the conditional mean of the target distribution, resulting in
smoothed predictions that lack physically relevant small-scale structure (Selz et al., 2025). To address
this limitation, recent works have explored using diffusion models to learn probabilistic weather
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forecasts that capture the full distribution of possible outcomes (Price et al., 2025; Cachay et al.,
2025). However, these large models are computationally expensive during inference time.

In practice, short-term high-resolution regional weather forecasts are often preferred to global
ones, as they can better resolve local features such as orography, land-sea contrasts, and surface
heterogeneity that strongly influence near-surface variables. The most notable examples are NOAA’s
High Resolution Rapid Refresh (HRRR) model (Dowell et al., 2022) and ICON-EU, a European
model operated by DWD (Zängl et al., 2015). These operate as limited-area models (LAMs),
which numerically integrate the governing equations over a restricted spatial domain using boundary
conditions provided by a global model.

In the case of HRRR, there have been attempts at using machine learning techniques to obtain similar
improvements as in global weather forecasting models by replacing the numerical time integration
with a learned diffusion-based model (Pathak et al., 2024; Abdi et al., 2025). However, they continue
to rely on a global numerical weather prediction model for their boundary conditions. While there has
been research on more localised AI-based LAMs for Europe (Oskarsson et al., 2023; Adamov et al.,
2025), to the best of our knowledge, there have been no published attempts at building an AI-based
LAM which covers the whole European domain as ICON-EU does.

Concurrently, statistical downscaling techniques focus on enhancing the resolution of coarse global
weather states by learning a mapping from low-resolution inputs to high-resolution outputs using
historical data, without incorporating any time integration. Dating back to the last century (Wilby &
Wigley, 1997; Wilby et al., 1998b), machine learning-based approaches have accelerated this line
of research in recent years (Leinonen et al., 2021; Mardani et al., 2024; Wan et al., 2023; Bischoff
& Deck, 2024; Merizzi et al., 2024; Wan et al., 2025; Tomasi et al., 2025; Glawion et al., 2025;
Schillinger et al., 2025). Most of these works use diffusion models to learn these mappings, given
their success in generating realistic images in computer vision (Rombach et al., 2022).

While these efforts are formidable, we believe these works have yet to fully explore the potential of
diffusion-based downscaling as a universal, model-agnostic interface between upstream forecasting
systems and high-resolution probabilistic predictions. Concretely, they suffer from one or more of the
following limitations: (i) They do not evaluate their downscaling models when used for operational
high-resolution forecasting. (ii) They focus on smaller regions (e.g. Italy (Merizzi et al., 2024;
Tomasi et al., 2025), Taiwan (Mardani et al., 2024)) rather than continental scales. (iii) They focus on
downscaling single variables (e.g. precipitation (Leinonen et al., 2021; Glawion et al., 2025)).

In this work, we address all of these limitations by exploring statistical downscaling through diffusion
models as a means of improving operational medium-range weather forecasts on a continental scale
across multiple relevant surface variables.

3 PROBLEM FORMULATION

The large-scale atmospheric state evolves according to the hydrostatic primitive equations, which
describe the conservation of momentum, mass, and energy. Following Holton & Hakim (2012), let v
denote the horizontal velocity, T the temperature, p the pressure, and ρ the density. Using pressure as
the vertical coordinate and writing ∇ for the horizontal gradient, the governing equations are

∂v

∂t
+ (v · ∇)v + f k× v = −1

ρ
∇p+ F, (1)

∂ρ

∂t
+∇ · (ρv) = 0, (2)

∂T

∂t
+ v · ∇T =

Q

cp
+

RT ω

cpp
, (3)

∂p

∂z
= −ρg, p = ρRT, (4)

where ω ≡ Dp/Dt denotes the pressure vertical velocity. In height coordinates, the material
derivative reads

D

Dt
=

∂

∂t
+ v · ∇+ w

∂

∂z
, (5)
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Figure 1: Model-agnostic conditional diffusion downscaling. A coarse-resolution forecast ū, produced
by different upstream models m ∈ M, conditions a reverse diffusion process. Integrating the
probability-flow dynamics yields multiple high-resolution realizations sampled from pθ(u | ū).

yielding

ω =
∂p

∂t
+ v · ∇p− ρg w, (6)

after invoking hydrostatic balance.

In practice, operational forecasting systems approximate solutions of eqs. (1) to (4) on discrete grids.
Let ū ∈ ULR denote a coarse-resolution atmospheric state produced by an upstream forecasting
system, and let u ∈ UHR denote a corresponding high-resolution surface state defined on a finer grid.
The downscaling problem consists in inferring plausible realizations of u given ū. Since the mapping
ū 7→ u is not injective, this inference problem is intrinsically non-unique. We therefore formulate
downscaling as a conditional density estimation task and seek to learn the distribution p(u | ū), rather
than a single deterministic mapping.

Learning this conditional distribution relies on training data consisting of paired low- and high-
resolution analysis or reanalysis fields D = {(ūi, ui)}Ni=1 that are aligned in time and represent the
same underlying atmospheric state at different spatial resolutions. Each pair constitutes a single
high-resolution realization associated with its coarse counterpart; multiple realizations u for the same
ū are not observed. The conditional distribution is therefore not available empirically but must be
inferred statistically from the ensemble of such pairs across time.

At inference time, the conditioning input ū may originate from any deterministic forecasting system
and from any forecast lead time ∆t. Let m ∈ M index such a system, producing a coarse forecast
ū(m) on its native grid and variable conventions. Our objective is to learn a single conditional model
pθ(u | ũ) that can be applied zero-shot to all m ∈ M (see Figure 1 for a schematic representation
of the process). This formulation yields a probabilistic downscaler that produces ensembles of
high-resolution realizations. The ensemble mean provides a point forecast, while the ensemble
variability captures uncertainty arising from unresolved small-scale structure.

4 DIFFUSION-BASED DOWNSCALING MODEL

To address the learning task depicted in Section 3, we adopt a conditional generative modeling
approach and represent the distribution p(u | ū) using a score-based diffusion formulation, following
Song et al. (2021). Instead of defining sampling from an explicit parametric density, we use a
generative stochastic process.

Concretely, we embed the conditional data distribution into a family of noise-perturbed conditionals
indexed by an artificial diffusion time τ ∈ [0,K]. Given paired samples (ū, u) ∈ D, the forward dif-
fusion process progressively corrupts the high-resolution target by additive Gaussian noise according
to uτ = u+ η, η ∼ N (0, σ2

τI), where στ denotes a prescribed noise schedule. For sufficiently large
στ , the conditional distribution pτ (uτ | ū) becomes indistinguishable from an isotropic Gaussian,
providing a tractable terminal distribution from which sampling can be initiated.

The generative task then consists of reversing this noising process, transforming a sample uK drawn
from the terminal noise distribution into a sample from the target conditional distribution p(u | ū).
In the continuous-time limit, this reverse dynamics is described by the (backward-time) stochastic
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Figure 2: Diffusion-based downscaling architecture and sampling procedure. Top left: Denoiser
training. A clean high-resolution target u is corrupted with Gaussian noise η ∼ N (0, σ2

τI) and,
together with the conditioning inputs, passed to the denoiser Dθ, which is trained to reconstruct u via
a mean-squared denoising objective. Top right: Denoiser architecture. A U-Net encoder–decoder with
residual blocks at each resolution and attention at the bottleneck. The noisy sample uτ is concatenated
with the coarse-resolution forecast ū and static high-resolution fields. The noise level στ (and lead
time, when applicable) is embedded and injected at all resolutions via adaptive scale–shift modulation.
Bottom: Forward and reverse diffusion processes. The forward process progressively corrupts u
into pure noise, while sampling integrates the reverse-time probability-flow dynamics to generate
high-resolution samples from pθ(u | ū).

differential equation

duτ = − 2 σ̇τστ∇uτ
log pτ (uτ | ū) dτ +

√
2 σ̇τστ dŴτ , (7)

where Ŵτ denotes Brownian motion in reverse diffusion time.

While the reverse SDE is known, it is not directly tractable in practice because it depends on the
conditional score ∇uτ

log pτ (uτ | ū), which is not available in closed form. Following standard
score-based diffusion models, we approximate this score using a noise-conditional denoising operator
Dθ(uτ , ū, στ ), implemented as a neural network with trainable parameters θ. In particular, the score
is approximated using Tweedie’s formula as

∇uτ
log pτ (uτ | ū) ≈ Dθ(uτ , ū, στ )− uτ

σ2
τ

. (8)

Accordingly, the denoiser is trained to predict the clean high-resolution state from its noisy counterpart
by minimizing a mean-squared denoising objective over paired data and over a continuous range of
noise levels,

L(Dθ) = Eσ∼ptrainE(ū,u)∼DEη∼N (0,σ2I)

∥∥Dθ(u+ η, ū, σ)− u
∥∥2
2
. (9)

In practice, we follow the preconditioning and implementation choices introduced in the Elucidated
Diffusion Models framework (Karras et al., 2022); full architectural and training details are provided
in Appendix A.
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5 EXPERIMENTAL SETUP AND RESULTS

This section describes the experimental setup used to evaluate the proposed diffusion-based down-
scaling framework. We detail the training data, model configuration, and evaluation protocol, and
assess probabilistic high-resolution forecasts against independent in situ station observations across
multiple heterogeneous upstream forecasting models.

Training data. For training, we choose ERA5 reanalysis (Hersbach et al., 2020) fields as low-
resolution inputs ū (∼25 km / 0.25◦ resolution) and CERRA reanalysis (Ridal et al., 2024) fields as
the corresponding high-resolution targets u (∼5 km / 0.05◦ resolution). ERA5 is well-known global
atmospheric reanalysis produced by the European Centre for Medium-Range Weather Forecasts
(ECMWF), combining a state-of-the-art numerical weather prediction model with a comprehensive
set of in situ and satellite observations. CERRA is a high-resolution regional reanalysis for Europe
and provides surface fields at approximately 5 km horizontal resolution, covering latitudes from 36◦
to 72◦ N and longitudes from 15◦ W to 45◦ E. Both ERA5 inputs and CERRA targets include 2 m
temperature (t2m), eastward and northward 10 m wind components (u10, v10), and mean sea-level
pressure (msl). Training is performed on data spanning the period 2014–2023. All input and output
channels are standardized using ERA5 statistics computed over the period 1979–2021.

Denoiser training, architecture, and conditioning interface. Figure 2 provides an overview of the
denoiser training, architecture, and sampling procedure.

The denoiser Dθ is implemented as a U-Net operating on 2D latitude–longitude fields, augmented
with attention at the bottleneck to enable global spatial mixing. The denoiser takes as input the
noisy high-resolution sample uτ on the CERRA grid, the corresponding coarse-resolution ERA5
data ū, and static high-resolution fields s = (z, lsm) consisting of elevation z and land–sea mask
lsm. During training, ū corresponds to ERA5, while at inference time it is provided by a forecasting
model.

To account for systematic differences in effective resolution, spectral content, and implicit smoothing
across upstream models (particularly over long forecast horizons, where autoregressive AI models are
known to progressively smooth their predictions) we augment the conditioning input during training
by applying randomized spectral low-pass filtering to the ERA5 fields (see Appendix A.1 for details).

The coarse-resolution atmospheric state is bilinearly upsampled to the CERRA grid and concatenated
channel-wise with the noisy sample and static fields, yielding the network input

xτ = Concat
[
uτ , ū, s

]
∈ RH×W×C .

where H = 721, W = 1201 and C = 10. The diffusion noise level στ is embedded using Fourier
features and processed by a small multilayer perceptron to produce per-channel scale and shift
parameters. These parameters modulate normalization layers within each residual block in a FiLM-
style manner and are applied at all resolutions throughout the encoder and decoder (see Appendix A
for further details on training, inference and denoiser architecture).

Evaluation protocol. The model is evaluated in a strictly out-of-sample setting spanning the period
from 1 July 2024 to 30 June 2025. Forecast skill is assessed against roughly 10.000 independent in
situ observations, focusing on 2 m temperature and 10 m wind speed. We use a curated subset of high-
quality station networks, including WMO surface synoptic observations (SYNOP), WIS 2.0 surface
observations, and aviation METAR reports (including ASOS/AWOS and international METAR
feeds). Gridded forecasts are collocated to station locations using bilinear interpolation in latitude
and longitude.

Unless stated otherwise, probabilistic forecasts are produced using ensembles of n=16 high-resolution
samples. Point forecast skill is quantified using the root-mean-square error (RMSE) between observa-
tions y and the ensemble mean ŷ = 1

n

∑n
k=1 y

(k). Probabilistic forecast quality is quantified using
the continuous ranked probability score (CRPS). In practice, for an ensemble forecast {y(k)}nk=1 of
size n, CRPS can be computed in closed form as

CRPS =
1

n

n∑
k=1

|y(k) − y| − 1

2n2

n∑
k=1

n∑
ℓ=1

|y(k) − y(ℓ)|. (10)

The first term measures the average absolute error of the ensemble members with respect to the
observation, while the second term accounts for the internal dispersion of the ensemble. For a
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(a) 2 m Temperature (b) 10 m Wind Speed

Figure 3: RMSE Skill Score vs. lead time. RMSESS (1−RMSEdownscaled/RMSEbase) for all models
(AI: Aurora, AIFS, EPT-2; NWP: GFS, ECMWF IFS) over July 2024–June 2025, up to 90 h lead
time. Positive values indicate improvement over the raw baseline. The diffusion-based downscaler
consistently improves point forecast skill across all upstream models.

deterministic forecast ŷ CRPS reduces exactly to the absolute error (and thus averages to MAE over
a dataset).

Upstream forecast models. We evaluate the proposed downscaling approach across a heterogeneous
set of upstream forecasting systems spanning both data-driven AI models and physics-based numerical
weather prediction (NWP) models: Microsoft Aurora (Bodnar et al., 2024), ECMWF AIFS (Lang
et al., 2024), Jua EPT-2 (Molinaro et al., 2025b), NOAA GFS, and ECMWF IFS HRES. Aurora, AIFS,
and EPT-2 are learned forecasting systems trained on historical reanalysis and analysis data, while
GFS and IFS HRES are operational NWP models based on numerical integration of the governing
equations. Since Aurora and AIFS produce forecasts at a 6-hourly temporal resolution only, all
models are evaluated at a common 6-hourly cadence for consistency. This model set spans distinct
spatial resolutions, training objectives, physical parameterizations, and data assimilation strategies,
and therefore exhibits markedly different systematic error characteristics and biases.

Baselines and comparisons. For each upstream model, we compare (i) the raw deterministic forecast
and (ii) the diffusion-downscaled forecast, and compute skill scores of the downscaled model relative
to the corresponding raw upstream forecast,

RMSESS = 1− RMSEdownscaled

RMSEbase
, CRPSS = 1− CRPSdownscaled

CRPSbase
,

where positive values indicate improvement over the baseline forecast.

Results. Figure 3 presents the root-mean-square error skill scores (RMSESS) of the diffusion-based
downscaler relative to each upstream model’s raw forecast. Across all evaluated systems, including
both AI-based and NWP models, the downscaler yields predominantly positive RMSESS at nearly all
lead times, indicating systematic improvements in point forecast accuracy. Although the magnitude of
improvement varies by variable, model, and forecast lead time, positive skill is observed consistently
from short-range to medium-range forecasts and, in most cases, extends beyond day 2.

For 2 m temperature (left panel of Figure 3), AI-based models exhibit the largest relative improve-
ments. Temperature RMSESS typically ranges from approximately 5–14% at short lead times and
gradually decreases to about 2–6% at longer lead times. For NWP models, improvements are gener-
ally smaller but remain positive, with the exception of ECMWF-IFS, for which RMSESS approaches
zero beyond approximately 24 hours, indicating little to no systematic improvement at longer lead
times.

For 10 m wind speed (right panel of Figure 3), relative improvements are larger and more persistent
across lead times. AI-based models achieve wind RMSESS values of approximately 3–8% over the
full 0–90 h forecast range. For NWP models, wind RMSESS remains consistently positive, typically
ranging from about 4–9% over the 0–90 h lead times considered. Notably, RMSE improvements
remain positive and not negligible even for strong operational NWP baselines such as ECMWF IFS
which is currently the world’s leading NWP model, demonstrating that the method adds value across
a broad range of upstream forecast qualities.

7



(a) 2 m Temperature (b) 10 m Wind Speed

Figure 4: CRPS Skill Score vs. lead time. CRPSS (1 − CRPSdownscaled/CRPSbase) for all models
(AI: Aurora, AIFS, EPT-2; NWP: GFS, ECMWF IFS) over July 2024–June 2025, up to 90 h lead
time. Positive values indicate improvement over the deterministic baseline. The diffusion-based
downscaler improves probabilistic skill across all upstream models.

On the probabilistic side, Figure 4 reports continuous ranked probability skill scores (CRPSS),
evaluating the quality of the full predictive distribution. Across all upstream models and lead
times, diffusion-based downscaling yields consistently positive CRPSS. Moreover, the magnitude of
probabilistic improvement is substantially larger than that observed for RMSE. In the short range,
CRPSS frequently reaches values of 15–30% for both NWP and AI-based models, with positive skill
persisting at longer lead times. The systematically larger gains in CRPSS compared to RMSESS
indicate that the primary benefit of diffusion-based downscaling lies in improving the full conditional
distribution rather than only the ensemble mean.

Overall, these results show that diffusion-based downscaling provides a robust, model-agnostic
mechanism for lifting deterministic forecasts into high-resolution ensembles, improving both point
skill (RMSE of the ensemble mean) and probabilistic skill (CRPS) in a strictly zero-shot setting
across diverse upstream models, including a strong operational high-resolution baseline. Sample
visualizations comparing CERRA reference fields against ensemble members generated by the
diffusion downscaler are provided in Appendix A.5.

Training and sampling cost. The diffusion downscaler is computationally lightweight both to
train and to deploy. The model is trained for 50 epochs on eight NVIDIA H100 GPUs, requiring
approximately 8 hours in total. At inference time, generating 16 high-resolution samples at 5 km
resolution over the full European domain from a single deterministic forecast step takes approximately
20 seconds on a single NVIDIA H100 GPU. Additionally, multiple diffusion samples can be generated
fully in parallel across GPUs. As a result, probabilistic forecasts can be produced with only a modest
increase in latency relative to the underlying deterministic model.

Ablation: diffusion vs. regression-based downscaling. Figure 5 isolates the effect of the diffusion
training objective by comparing against a regression-based downscaler trained with an MSE loss,
using the exact same U-Net architecture. Both learned downscalers improve RMSE relative to the
raw upstream forecast for 2 m temperature and 10 m wind speed. For 10 m wind speed, the diffusion-
based model achieves consistently lower RMSE than the MSE-based alternative across lead times,
whereas for 2 m temperature the two approaches exhibit very similar RMSE. In contrast, pronounced
differences emerge in probabilistic skill: the regression-based model yields only limited CRPS
improvements, while the diffusion-based downscaler achieves substantially lower CRPS across all
lead times and both variables. This demonstrates that the dominant gains in probabilistic performance
stem from learning a conditional distribution via diffusion, rather than from architectural capacity
alone.

6 CONCLUSION

We presented a diffusion-based formulation for probabilistic downscaling that acts as a model-agnostic
resolution-lifting operator for deterministic weather forecasts. A single conditional EDM-style model
is trained once on paired reanalysis fields (ERA5→CERRA over Europe) and subsequently applied
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Figure 5: Ablation: Diffusion vs. regression-based downscaling. RMSE (left) and CRPS (right) for
2 m temperature (top) and 10 m wind speed (bottom) using EPT-2 as upstream model. Dashed: raw
EPT-2 forecast. Dash-dot: regression-based (MSE) downscaler. Solid: diffusion-based downscaler.
The diffusion model achieves comparable or better RMSE while substantially improving CRPS,
demonstrating that gains arise from learning a conditional distribution rather than from architectural
capacity alone.

zero-shot to heterogeneous upstream forecasting systems, spanning both AI-based and numerical
weather prediction (NWP) models. In all cases, the same trained model is used without any upstream-
specific fine-tuning, producing high-resolution ensembles on the CERRA grid.

In a station-verified, out-of-sample evaluation covering July 2024–June 2025 and lead times up to
90 h, diffusion-based downscaling consistently improves forecast skill relative to each model’s own
raw deterministic forecast for near-surface variables, including 2 m temperature and 10 m wind speed.
These improvements are observed across upstream models with different numerical formulations,
resolutions, and error characteristics, demonstrating that the learned downscaler generalizes robustly
when used as a post-processing step.

While diffusion-based downscaling yields consistent improvements in point accuracy, the magnitude
of these gains is modest compared to the substantial and robust improvements in probabilistic skill.
This reflects the inherently ill-posed nature of statistical downscaling, where multiple fine-scale
realizations are compatible with the same coarse atmospheric state. The primary benefit of the
proposed approach lies not in sharper deterministic predictions, but in its ability to represent flow-
dependent uncertainty and generate realistic high-resolution ensembles. By operating zero-shot
across heterogeneous upstream forecasts, the method provides a model-agnostic and computationally
efficient pathway for uncertainty-aware regional forecasting, producing probabilistic high-resolution
fields without the need for costly regional dynamical simulations.

Limitations and future work. The present study focuses on a limited set of near-surface variables
and on a single high-resolution training domain defined by the CERRA European reanalysis. While
this setting is sufficient to demonstrate the feasibility and model-agnostic nature of diffusion-based
downscaling, it does not fully probe the method’s behavior under stronger forms of distribution shift,
such as transfer to climatologically distinct regions.

From an operational perspective, we do not explicitly optimize ensemble size or inference cost, nor
do we perform post hoc calibration of ensemble spread. While the reported CRPS improvements
indicate enhanced probabilistic skill, future work will investigate explicit calibration and sharpness
diagnostics and their dependence on sampling strategy.

Finally, although the proposed downscaler is intentionally model-agnostic, mild forms of adaptation
to upstream forecast structure-such as weak physical constraints, lead-time-dependent conditioning,
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lightweight per-model normalization, or limited specialization for regional forecasting systems
(e.g., HRRR, ICON-EU, ICON-D2)-may further improve robustness under severe distribution shift.
Exploring such extensions while preserving the core objective of a single, reusable probabilistic
module remains an important direction for future research.
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de Bézenac, and Siddhartha Mishra. Poseidon: Efficient Foundation Models for PDEs, November
2024. URL http://arxiv.org/abs/2405.19101.

Hans Hersbach, Bill Bell, Paul Berrisford, Shoji Hirahara, András Horányi, Joaquı́n Muñoz-Sabater,
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A SUPPLEMENTARY INFORMATION

A.1 SPECTRAL SMOOTHING OF THE CONDITIONING INPUT

In this section, we further elaborate on the ERA5 input spectral smoothing mechanism introduced in
the main text.

Specifically, the conditioning input ū is obtained by Fourier-domain smoothing of the original
ERA5 fields, with the smoothing strength sampled uniformly from the interval [0, 0.8], where zero
corresponds to no smoothing. This procedure exposes the denoiser to a continuum of effective input
resolutions during training and improves robustness to heterogeneous upstream models at inference
time.

Let F and F−1 denote the two-dimensional discrete Fourier transform and its inverse. We define

ū = F−1 [F(ū0) · Gα] , (11)

where · denotes element-wise multiplication and Gα is an isotropic Gaussian low-pass filter defined
in frequency space.

Specifically, letting (kx, ky) denote discrete spatial frequencies centered at zero, the filter takes the
form

Gα(kx, ky) = exp

(
−
k2x + k2y
2σ2

α

)
, (12)

with bandwidth

σα =
1

2
max

(
1,

min(H,W )

2
(1− α)

)
. (13)

The smoothing strength α ∈ [0, 0.8] is sampled uniformly for each training instance. The limiting
case α = 0 corresponds to the identity operator (no smoothing), while increasing values of α pro-
gressively suppress high-frequency components, yielding conditioning inputs with coarser effective
resolution.

A.2 DENOISER TRAINING

The parameters θ of the conditional denoiser Dθ are learned from paired low- and high-resolution
reanalysis data. Training samples are constructed from time-aligned fields, where ū(t) denotes a
coarse-resolution atmospheric state from ERA5 and u(t) the corresponding high-resolution target
from CERRA at the same valid time t. Paired samples (ū, u) are obtained by matching timestamps
and sampled from long reanalysis time series; we denote by D the resulting empirical distribution of
paired fields.
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For a given noise level σ > 0 and noise realization η ∼ N (0, σ2I), a noisy high-resolution field
u + η is constructed. The conditional denoiser Dθ(·, ū, σ) is then trained to reconstruct the clean
target u by minimizing a denoising objective. Specifically, the denoiser parameters are obtained as
(local) minimizers of

L(Dθ, σ) = E(ū,u)∼DEη∼N (0,σ2I)

∥∥Dθ(u+ η, ū, σ)− u
∥∥2
2
. (14)

The full training objective averages this loss over a distribution of noise levels,

L(Dθ) = Eσ∼ptrain [λ(σ)L(Dθ, σ)] , (15)

where ptrain denotes the noise-level sampling distribution and λ(σ) a noise-dependent weighting
factor.

Preconditioning and effective weighting. For all experiments, we adopt the preconditioning and
weighting scheme of Elucidated Diffusion Models (EDM). The denoiser is parameterized as

Dθ(u+ η, ū, σ) = cskip(σ)(u+ η) + cout(σ)Fθ(cin(σ)(u+ η), ū; cnoise(σ)) , (16)

where Fθ denotes the raw neural network.

The preconditioning coefficients are given by

cskip(σ) =
σ2
data

σ2 + σ2
data

, (17)

cout(σ) =
σ σdata√
σ2 + σ2

data

, (18)

cin(σ) =
1√

σ2 + σ2
data

, (19)

cnoise(σ) =
1
4 log(σ), (20)

with σdata = 0.5.

The corresponding regression target is

Ftarget =
1

cout(σ)
(u− cskip(σ)(u+ η)) , (21)

and the resulting training loss can be written as

L = Eσ,(ū,u),η

[
w(σ) ∥Fθ(cin(σ)(u+ η), ū; cnoise(σ))− Ftarget∥22

]
, (22)

with effective weighting

w(σ) =
σ2 + σ2

data

(σ σdata)2
. (23)

Noise levels are sampled during training according to a log-normal distribution,

log σ ∼ N (Pmean, P
2
std), (24)

with Pmean = −0.5 and Pstd = 1.5 in all experiments.

A.2.1 INFERENCE AND SAMPLE GENERATION

At inference time, samples from the learned conditional distribution pθ(u | ū) are generated by
reversing the diffusion process. Starting from the conditional reverse-time stochastic differential
equation Eq.(7), we consider its associated deterministic probability-flow formulation:

dx =

[
σ̇(τ)

σ(τ)
+

ṡ(τ)

s(τ)

]
x dτ − s(τ) σ̇(τ)

σ(τ)
Dθ

(
x

s(τ)
, ū, σ(τ)

)
dτ, (25)

where the score function is approximated by the trained conditional denoiser Dθ. Both the stochastic
formulation in Eq. (7) and the deterministic probability-flow ODE in Eq. (25) induce the same family
of conditional distributions pτ (u | ū).
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Following the Elucidated Diffusion Models (EDM) framework (Karras et al., 2022), we adopt a
variance-exploding diffusion with identity signal scaling,

s(τ) = 1, σ(τ) = τ, (26)

so that diffusion time directly parameterizes the noise level and Eq. (25) simplifies accordingly.

In practice, inference is performed by discretizing the probability-flow ODE over a monotonically
decreasing sequence of noise levels {σi}Ni=1 ⊂ [σmax, σmin]. The discrete noise levels are constructed
using the EDM power-law schedule,

σi =

(
σ1/ρ
max +

i− 1

N − 1

(
σ
1/ρ
min − σ1/ρ

max

))ρ

, i = 1, . . . , N, (27)

with N = 128, σmax = 80, and σmin = 0.002.

The resulting ODE is integrated using a first-order explicit Euler method. Integration is initialized
from

xσmax ∼ N (0, σ2
maxI), (28)

and proceeds until σmin, at which point the final state is taken as a sample from the conditional
distribution pθ(u | ū). Multiple independent realizations are obtained by repeating the integration
with different initial noise samples.

A.3 DENOISER ARCHITECTURE AND CONFIGURATION

The denoiser Dθ is implemented as a 2D encoder–decoder U-Net operating on latitude–longitude
fields on the CERRA grid (Figure 2). At each forecast lead time, the network takes as input the
concatenation xτ = Concat[uτ , ū, s], where uτ ∈ RH×W×4 is the noisy high-resolution sample
(t2m, u10, v10, msl), ū ∈ RH×W×4 is the bilinearly upsampled coarse forecast, and s ∈ RH×W×2

contains static fields (elevation and land–sea mask). Hence xτ ∈ RH×W×10.

Encoder–decoder layout. The network begins with an input projection (3×3 convolution) to
C0=32 channels. It then applies L=4 resolution stages with channel multipliers [2, 4, 8, 8], resulting
in channel widths

C0 → 2C0 → 4C0 → 8C0 → 8C0 i.e. 32 → 64 → 128 → 256 → 256.

Downsampling between stages is performed by a strided convolution (kernel 3, stride 2), halving
spatial resolution at each stage. The decoder mirrors the encoder with symmetric upsampling stages.
Upsampling is performed via bilinear interpolation by a factor of 2, followed by a 3×3 convolution.

Residual blocks and skip connections. Each resolution stage contains nres=2 residual blocks
(Figure 2, blue “T” blocks), and standard U-Net skip connections connect encoder and decoder
features at matching resolutions. Within each residual block, we use GroupNorm–activation–Conv
twice (GN–f–C, GN–f–C), with dropout set to 0. Unless stated otherwise, GroupNorm uses 32
groups.

Conditioning interface. Diffusion noise conditioning is injected into every residual block through
adaptive scale–shift modulation. We embed σ using Fourier features with embedding dimension
dσ=256, followed by a two-layer MLP that outputs per-channel affine parameters (a, b). These
parameters modulate a normalization layer in FiLM form,

GN(x) 7→ (1 + a)GN(x) + b, (29)

where (a, b) are broadcast over spatial dimensions.

Attention blocks. The denoiser follows a standard U-Net encoder–decoder structure with residual
blocks at each resolution and a single self-attention block at the bottleneck (see Figure 2). Self-
attention is not used at intermediate encoder or decoder resolutions; all attention-based global mixing
is confined to the bottleneck representation.
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Configuration (for reproducibility). For clarity, we summarize the key architectural hyperparame-
ters used throughout:

• Input channels: 10 (noisy high-resolution sample uτ : 4; coarse-resolution forecast provided
as conditioning: 6).

• Output channels: 4 (2 m temperature, 10 m wind components, and mean sea-level pressure
on the CERRA grid).

• Base channels: C0 = 32, with channel multipliers [2, 4, 8, 8], corresponding to feature
widths 32 → 64 → 128 → 256 → 256.

• Residual blocks per resolution: nres = 2; dropout = 0.
• Noise embedding dimension: 256, used to generate adaptive scale and shift parameters for

conditioning normalization layers.

Overall, the model counts a total number of 24M parameters.

A.4 DENOISER TRAINING DETAILS

During training, we used paired samples from ERA5 and CERRA at three-hourly resolution, spanning
the years 2014–2023, resulting in 26280 samples. We used the AdamW optimizer (Loshchilov &
Hutter, 2019) with a learning rate of 10−4, a weight decay of 10−5, and cosine anneal the learning
rate to 10−5. The batch size was set to 1.

A.5 SAMPLE VISUALIZATIONS

Figures 6 and 7 show example downscaled fields for 10 m wind speed and 2 m temperature at a 6-hour
lead time, comparing the coarse upstream forecast, the CERRA reference, and two independent
ensemble members generated by our diffusion model.

(a) Upstream forecast (b) CERRA reference

(c) Ensemble member 1 (d) Ensemble member 2

Figure 6: 10 m wind speed for 1 July 2024 at 6-hour lead time. (a) Coarse upstream forecast, (b)
CERRA reference, (c–d) two independent ensemble members from the diffusion downscaler.
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(a) Upstream forecast (b) CERRA reference

(c) Ensemble member 1 (d) Ensemble member 2

Figure 7: 2 m temperature for 1 July 2024 at 6-hour lead time. (a) Coarse upstream forecast, (b)
CERRA reference, (c–d) two independent ensemble members from the diffusion downscaler.
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