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Local climate information is crucial for impact assessment and decision-making, yet coarse global
climate simulations cannot capture small-scale phenomena. Current statistical downscalingmethods
infer these phenomena as temporally decoupled spatial patches. However, to preserve physical
properties, estimating spatio-temporally coherent high-resolution weather dynamics for multiple
variables across long time horizons is crucial. We present a novel generative framework that uses a
score-based diffusion model trained on high-resolution reanalysis data to capture the statistical
properties of local weather dynamics. After training, we condition on coarse climate model data to
generate weather patterns consistent with the aggregate information. As this predictive task is
inherently uncertain, we leverage the probabilistic nature of diffusion models and sample multiple
trajectories.Weevaluate our approachwith high-resolution reanalysis informationbefore applying it to
the climate model downscaling task. We then demonstrate that the model generates spatially and
temporally coherent weather dynamics that align with global climate output.

Numericalweather and climate simulations based ondiscretized solutions
of the Navier-Stokes equations are fundamental to understanding large-
scale weather patterns, climate variability, and climate change. State-of-
the-art numerical weather prediction (NWP) models, which primarily
focus on atmospheric processes, can accurately resolve small-scale
dynamics within the Earth system, providing fine-scale spatial and tem-
poral weather patterns at resolutions on the order of kilometers1. How-
ever, the substantial computational resources required for these models
render them impractical for simulating the extended time scales of mul-
tiple years and decades necessary to assess climatic changes. Moreover,
even with substantial computational investment, global high-resolution
models can still exhibit systematic biases and may fail to accurately
reproduce observed climatic trends2. In contrast, Earth system models
(ESMs), such as those included in the CMIP6 project3, incorporate a
broader range of processes—including atmospheric, oceanic, and bio-
geochemical interactions—while operating on coarser spatial scales.
Typical grid resolutions for ESMs are ~1°, equivalent to around 100 km.
This coarse resolution limits the ability of ESMs to fully capture small-
scale processes. Key processes necessary to assess regional impact, for
example, on wind turbines—such as local wind turbulence—occur at
spatial and temporal scales that are too fine to be explicitly resolved in
ESMs. Consequently, ESM data cannot be directly employed to evaluate
changes at fine spatial scales, limiting their utility for localized impact
assessment and decision-making.

Downscaling aims to provide regional climate information by esti-
mating small-scale processes from coarse simulations of global models.
Existing approaches to bridge this scale gap can be categorized into dyna-
mical and statistical downscaling4. Dynamical downscaling employs high-
resolution regional climate models (RCMs) that are nested within coarser
global climate models (GCMs) to provide detailed projections for specific
regions5,6. Biases from the driving global models can be inherited by the
RCMs, potentially limiting the accuracy of the downscaled results7. Addi-
tionally, the high computational cost of running RCMs restricts their use
primarily to regional studies. Statistical downscalingmethods use regression
or weather generators8, and, more recently, emulators based on machine
learning (ML) techniques. In statistical downscaling, a functional or sta-
tistical relationship between large-scale climate variables (fromGCMs) and
local observations is established. Based on this relationship, statistical
methods infer the local information from the coarse simulation, with ML-
based approaches aiming to capture the mapping from coarse to fine-scale
climate by learning the relationships fromdata9–12. Thesemodels are usually
computationally less expensive. However, not explicitly encoding physical
laws can make them less robust in regions of low data density, risking
physical inconsistencies.

One challenge that comes with downscaling arises from the fact that
numerical models are inherently imperfect representations of the climate
system. While ESMs are designed to generate accurate multi-decadal
summary statistics, locally, the simulations differ from historical
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observational datasets. Climate models contain inaccuracies in para-
meterization, simplified process representations, and uncertainties in the
initial state of the system13. Even in the hypothetical case of perfect models,
i.e., without epistemic uncertainty, forecasts are not deterministic due to the
chaotic nature of the atmosphere. These variations lead to substantial dis-
crepancies betweenmodels. Choosing amodel, therefore, becomes a critical
factor14,15. Aside fromother climatemodel biases16, internal variability of the
climate system leads to differences between projected and observed climate1
7. Individual climate simulations thus represent only one possible realization
of the system with substantial uncertainty remaining. Due to this un-
pairedness of ESM outputs and observational data, using supervised ML
approaches, which rely on consistent simulation–observationpairs, remains
challenging18,19. Generative models have recently emerged as a promising
solution. This model class is characterized by learning a representation of
the training data distribution that allows the generation of novel samples. As
self-supervised learning techniques, these models circumvent the need for
data–label pairs by working solely on the target (output) distribution.
Additionally, through the variability among generated samples, generative
models provide structured uncertainty, which the ill-posed nature of most
inference problems entails. In particular, diffusion models (DMs)20–23 have
demonstrated superior performance over earlier approaches such as var-
iational auto-encoders (VAEs)24, generative adversarial networks (GANs)25,
and normalizing flows26, particularly for structured data and image gen-
eration tasks27–29.

In this work, we build on the score-based data assimilation (SDA)
framework by Rozet and Louppe23,30 to phrase downscaling as a Bayesian
inference problem with a generative prior model. By construction, our
model performs joint spatial and temporal downscaling on multiple vari-
ables, introducing stochasticity solely between samples. The predictions are
thus coherent across the entire state space, avoiding sampling-induced
inconsistencies between time steps and between interrelated atmospheric

variables. Furthermore, the model training is separated from the task-
specific inference (Fig. 1I, II), whichmakes themodelflexiblewith respect to
its input and the statistical relationship between input and output—allow-
ing, for instance,downscaling climate simulationsof varying spatiotemporal
resolutions without retraining the model. The components of the algo-
rithmic pipeline are outlined in Fig. 1:
A. The score model, which is the centerpiece of the generative diffusion

model, is trained on high-resolution reanalysis data. The score-based
diffusion model provides a statistical representation of local weather
dynamics. This “prior” model gives access to samples from the
distribution p(Xreanalysis), which represents our prior concept of
the output space. Here, the output space includes the spatial region,
the target resolution, and learneddynamicspatterns for a set of selected
atmospheric variables.

B. The coarse ESM input YESM is pre-processed; in particular, a bias-
correction procedure can align the simulation with the reanalysis data
in terms of its value distribution.

C. The “observation model” p(YESM∣Xreanalysis) establishes the functional
or statistical relationship between coarse climate output and fine rea-
nalysis data. This assumes the ESMoutput to be a perfect prognosis31,32,
based on which local climate is estimated. In the context of inverse
problems, the observation model is often referred to as the “forward
model”, as it models how the partially observed quantity (YESM) arises
from the latent quantity of interest (Xreanalysis)—usually by removing
information.

D. Accordingly, the inverse problem aims to predict the (much harder,
underspecified) opposite direction: estimating the “posterior”
p(Xreanalysis∣YESM) requires adding information to the incomplete
observations by conditioning the prior. In our case, the trained score
model is coupledwith the observationmodel to generate samples from
the posterior distribution.

Fig. 1 | Probabilistic pipeline for spatiotemporal downscaling of multiple vari-
ables. This work introduces a probabilistic downscaling framework that jointly
predicts fine-scale and spatiotemporally consistent time series for multiple variables
from coarse ESM simulations. This schematic outlines the framework. Only one
exemplary variable is shown for visual clarity. A A score model is trained on
sequences of reanalysis data. This is the centerpiece of the diffusionmodel that learns
to reproduce thefine-scale spatial and temporal patterns. Note that ESM simulations
are not part of the training process. B From any ESM (e.g., CMIP6), select and pre-
process an ensemble run (e.g.,MPI-HR) for downscaling. A bias-correction step that
mitigates distributional deviations between climate output and reanalysis data can

be applied as a pre-processing step. C This part establishes a relationship between
coarse climate simulations and the (fine-scale) output space of the model. The
observation model defines how the observed quantity (YESM) is generated---or
observed---from the inferred quantity (Xreanalysis). The observation model is key to
impose a constraint onto the generative model such that its samples adhere to the
established relationship. D The model generates time series that preserve the sta-
tistics of the coarse climate input. During the generative process, the trained score
model (A) is conditioned, i.e., the predictions are informed by the conditioning
information (B), such that they adhere to the relationship established by the
observation model (C).
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Perspectively, the algorithmic framework is versatile and flexible
enough to be considered beyond downscaling. In the spirit of foundation
models33–36, the trained generative model can be combined with other
observationmodels in a similar zero-shotmanner to solve various inference
tasks on the target output space. Unlike approaches that require training the
model directly on the conditioning information, the presented framework
allows the formulation of explicit—and varying—functional or statistical
relationships between observations and predictions.

On a series of experiments, we demonstrate that the proposed model
generates coherent time series of regional climate that are aligned with
coarse input.Themodel predicts localweatherdynamics, including extreme
events such as winter storms. Sampling from the posterior distribution
enables the generation of multiple weather trajectories crucial for assessing
the internal variability and uncertainty of the downscaling problem, pro-
viding a comprehensive understanding of future weather scenarios. We
include a simple quantile-mappingprocedure as a pre-processing step to the
ESM simulations. Other than that, the ESM simulations are taken as a
perfect predictor, and the mismatch to the observational data is not
accounted for. We evaluate our downscaling framework on two different
GCMs from CMIP6 in order to show that different mismatches between
reanalysis and the respective ESM distributions remain. We then demon-
strate that our model maintains the coarse, global properties of the
respective ESM input while inferring local fine-scale weather patterns.

Results
The presented downscaling pipeline assumes a statistical relationship
between a coarse numerical model prediction and a fine-scale reanalysis
product31,32. We begin by evaluating the methodological framework in an
artificial setup, in which coarsened reanalysis data serve as the perfect
prediction37 and surrogate the ESM simulations. The coarse data is obtained
from spatial area averages and by selecting a subset of the time steps.
Concretely, the observation model establishes the following relationship
between the downscaled predictions X and the coarse input Y:

Y ði;jÞt ¼
1

jij � jjj �
X
ði0;j0Þ2i × j

Xði
0;j0Þ

t ; ð1Þ

where (i, j) is a single point on the coarse spatial grid, which represents an
area of multiple points i× j on the fine grid. For example, i/j can be a local
neighborhood around i/j in the longitude/latitude dimension. The obser-
vationmodel in Eq. (1) assumes that the coarse information is provided as a
snapshot at time points t. In our experiments, one coarse-grid point (i, j)

encompasses a 16 × 16 area on the fine grid, i.e., jij � jjj ¼ 162 ¼ 256.
Furthermore, the temporal resolution of the coarse grid is 6 h, whereas the
fine output time grid is resolved hourly. This setting enables a direct pairing
between climate output and reanalysis data, which is not given in reality37,
allowing for evaluating themodel’s predictive performance and uncertainty
quantification by comparing it to a ground truth. Having established the
validity of the downscaling method on this artificial setup, we will then
proceed to downscale climate output, assuming two different ESM
simulations from the CMIP6 project to be the perfect predictors.

Evaluation of predictive distribution and uncertainty calibration
We first evaluate the basic capability of the model to adhere to the estab-
lished statistical relationship between coarse and fine predictors (cf. Eq. 1)
and to preserve the coarse-data value distribution in its predictions.
Aggregating the values over temporal and spatial domains, we find that—
per variable—the estimated densities of the predictions each align with the
reanalysis data. The uncertainty induced by the sample spread covers the
reanalysis distribution both near the modes and in regions of low and high
quantiles. In particular, the probabilistic model introduces no systematic
biases, like distribution shift, a tendency towards over- or under-predicting
values, or mismatch in the tail regions. Instead, each sampled prediction
captures the spread of the data distribution. Figure 2a–d visualizes these
findings using density estimations of the respective value distributions.

To assess the calibration of the predictive uncertainty, we compute the
probability integral transform (PIT)38 for all values aggregated and for each
variable separately. If the resulting distribution (Fig. 2e–i) resembles a
standard uniform distribution on the interval [0, 1], it is likely that the
samples and the reanalysis data come from the same underlying distribu-
tion. We find that both wind-speed components (Fig. 2g, h) are well cali-
brated. The PIT reveals that the predictions for mean sea-level pressure
(Fig. 2e) are slightly underconfident, over-predicting extreme values. For
surface temperature (Fig. 2f), the opposite is the case: the predicted dis-
tribution is slightly too narrow and under-predicts tail events. Taking the
joint distribution of variables together (Fig. 2i), the model is well calibrated.

Predicting local dynamics from coarse information
We require our downscaling model to augment the scarce information
contained in the coarse input by adding nontrivial, local weather patterns
and predicting complex temporal and spatial dynamics.As described above,
in our experimental setup, a single scalar measurement informs a 6-h
window of 16 × 16 fine-grid locations, requiring the model to perform a
mapping from a single node to 6 × 16 × 16 = 1536 nodes. Hence, we need to

Fig. 2 | Comparison of value distributions: reanalysis data, coarse input, pre-
dictions. For a time range of 49 h, this plot shows that the 1-hourly local predictions,
which the model predicted from the coarse 6-hourly input, resemble the reanalysis
data closely in distribution. Top row: Kernel-density estimations for value dis-
tributions of reanalysis data (green) and 30 predictions (black) for each variable
separately (a–d). The prediction model was conditioned on coarse inputs (purple).

The predicted samples align with the reanalysis data distribution, which is fully
covered by the predictive uncertainty. Bottom row: The probability integral trans-
form (PIT) demonstrates the uncertainty calibration of the model: for each variable
separately (e–h) and overall (i). A PIT distribution that resembles a standard uni-
form distribution indicates that the reanalysis data and predictions likely come from
the same distribution.
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assess whether the model sensibly incorporates prior knowledge, which it
learned from data, in order to evaluate the plausibility of the added, gen-
erated information.

It is likely that—due to, for instance, varying environmental conditions
—the dynamical patterns at distinct locations on the reanalysis grid differ
substantially from each other, whereas the coarse-grid aggregation occludes
these local variations,motivating the downscaling problem in thefirst place.
The present input-output-paired setup allows us to investigate the true local
variations that are lost through aggregation by comparing the reanalysis
data at two distant locations within the 16-by-16 area that is encompassed
by a single coarse-grid location.Accordingly, we can compare these ground-
truth variations with our model predictions to assess whether the model
infers local dynamics that align with the reanalysis data.

InFig. 3, wedemonstrate that ourmodel accurately predicts spatial and
temporal variations in weather trajectories at two distinct locations, which
share a single spatial observation. For this experiment, we selected two
distantfine-grid locations near theAlps, forwhichwe can expect substantial
local variations (see purple circle and cross in Fig. 3e).We visualize the time
series for the reanalysis data at both locations (solid and dotted green line)
and the corresponding downscaled model predictions (solid and dotted
black lines) alongside the coarsened input (purple circle and cross), which
share a single value at every 6-hourly step. The visualization allows to
identify the local variations that are occluded in the spatiotemporal aggre-
gation by comparing the coarse observations (purple) to the fine ground-
truth time series. Ourmodel accurately predicts the ground-truth dynamics
at both locations from the coarse information. Notably, the distinct features
in temporal structure (e.g., smoothness andamplitude) of thepredicted time
series at both locations align with those found in the corresponding rea-
nalysis data. As an illustrative example, the zonalwind speeds (Fig. 3c) show
substantial variability between the two locations—both in their values and
their temporal structure. The model captures these variations in its pre-
dictions, highlighting its ability to recover local-scale variability lost in the
coarse-resolution observations. This is a promising indicator that the
downscaling model has learned an accurate representation of local spatial
and temporal patterns from the trainingdata, which it blends into the coarse
conditioning information to estimate coarsely informed local variations.

Spatiotemporally consistent weather trajectories: studying a
winter storm
Statistical downscaling becomes particularly challenging during extreme
events,which are rare and fall into the tails of the trainingdistribution.These
events often involvehighly complexdynamics.However, extreme events are
particularly interesting, as they often have the most significant societal and
environmental impacts. As Fig. 2 already demonstrated, the downscaling

model is capable of accurately predicting high quantiles. Here, we supple-
ment the evaluation of the aggregated value distributions with a qualitative
assessment of the spatiotemporal structure of the downscaled predictions
during a winter storm. To this end, we consider the time range in which
cyclone “Friederike” approached central Europe (including the modeled
spatial region) from the west around January 18, 2018. Aside from the time
period, the experimental setup remains unaltered from the above sections.
Figure 4 exemplary shows themeridionalwind speeds during the event. The
visualization compares three randomly selected model predictions, a spa-
tiotemporal interpolation of the coarse input, the ground-truth reanalysis
data, and the coarse input. Themodel predictions are coherent in space and
time and add different local variations to the coarse observations. A com-
parison to the spatiotemporal interpolation (Fig. 4, fourth row) highlights
the capability of the downscaling model to predict nontrivial fine-scale
patterns. Supplementary Fig. 9 visualizes anomalies—differences between
the interpolation and (a) downscaled predictions and (b) reanalysis data.
This visualization reveals the spatiotemporal patterns, which are lost by
aggregating the reanalysis data, and allows a comparison to the dis-
aggregated fine-scale structure predicted by our downscaling model.
Additionally, Supplementary Fig. 2 demonstrates a close match of power
spectral densities between reanalysis data andmodel predictions, providing
a more quantitative argument.

Downscaling ESM simulations
The above experiments evaluated themodel in a setting that ensures that the
large-scale predictor perfectly matches the statistics of the fine-scale rea-
nalysis data. We proceed to downscaling climate-model outputs, using
6-hourly CMIP6 ESM simulations as conditioning information. As in the
previous experiments, the four variablesconsidered aredownscaled spatially
(by a factor of 16 × 16) and temporally (by a factor of 6) to align with the
resolution of the reanalysis data. The same statistical relationship (Eq. 1)
between coarse input and downscaled output is assumed in this experiment.
Downscaling climate-model outputs, however, presents a greater challenge
because there is no direct pairing between coarse- and fine-scale climate
data, which renders the comparison of our downscaling predictions to a
ground truth impossible. The goal of this experiment is to predict local
patterns on a fine spatiotemporal grid, assuming two distinct perfect pre-
dictors given by two realizations from the distribution of coarse climate
simulations.We evaluate whether our downscalingmodel—while adhering
to the statistical relationship imposed between each prediction and different
coarse ESM simulations (Fig. 5)—is capable of simultaneously predicting
local climate (Fig. 6). Notably, climatemodel biases are not encoded directly
and therefore not addressed by the downscaling model. As motivated by
Volosciuk et al. 39, downscaling can be separated into, firstly, mitigating

Fig. 3 | Differences in local dynamics are inferred
from coarse-grained observations. This plot com-
pares time series at two locations over 49 h between
reanalysis data (green), 30 predictions (black), and
coarse input (purple) and shows that the model can
accurately extract local dynamics from shared
coarse information. Both fine-grid locations were
selected to share a single point on the coarse grid (e).
Each plot a–d shows one variable. Reanalysis and
predictedweather trajectories are shown in solid and
dotted lines for both locations, respectively. The
conditioning information (purple circles and
crosses) is a single value every 6 h that is shared by
both locations (e), at which the local weather
dynamics are inferred. The predicted time series
aligns with the reanalysis data at both locations. In
particular, the uncertainty obtained through sam-
plingmultiple predictions covers the reanalysis data,
and the individual samples mirror the local weather
trajectories in their respective temporal structure.
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Fig. 5 | Comparison of value distributions: ESM, de-biased ESM, reanalysis data,
predictions. This plot visualizes aggregated value distributions of reanalysis data
(green), ESMsimulations (two differentmodels:MPI in purple,HadGEM in yellow),
and downscaled predictions (black). The top row compares the raw, uncorrected
ESM simulations with the reanalysis data to visualize the biases in the respective
climate distributions. The middle row shows the bias-adjusted ESM simulations
alongside the same reanalysis data to visualize the effect of the quantile-mapping
procedure. The bottom row compares the value distribution of the bias-adjusted
ESM simulations (same as middle row) with their downscaled counterpart (black).
The eight solid/dotted lines correspond to downscaled predictions of the MPI/
HadGEM model. Two things are demonstrated: Comparing the top row and the

middle row shows that the distribution mismatch between both ESM ensembles and
the reanalysis data (a–d) ismitigated through the bias-correction step (e–h). There is
some mismatch remaining, likely due to the short evaluation period. Secondly, the
bottom row shows for each variable separately (i–l) that the distribution of the
downscaled climate trajectories aligns with the coarse model input. The considered
time range is the year 2014. Themodel predicts 1-hourly steps starting January 01 at
06:00 A.M. and ending December 31 at 06:00 A.M. based on the corresponding
6-hourly coarse input. Visualizing two distinct CMIP6 ensembles (MPI and Had-
GEM) allows a comparison of the distributional mismatch, a between the respective
climate outputs (purple vs. yellow) and b between climate outputs and
reanalysis data.

Fig. 4 | Predicting high-resolution dynamics dur-
ing a cyclone as an extreme event. This plot shows
meridional wind trajectories of three randomly
selected model predictions (top three rows), spa-
tiotemporal interpolation (fourth row), reanalysis
data (fifth row), and coarse conditioning informa-
tion (bottom row) during a cyclone (“Friederike”,
January 2018). The sign of the wind speed value
defines its direction: negative values go southward,
and positive values go northward. Time progresses
from left to right hourly, starting 2018 January 18 at
02:00 P.M. and ending the same day at 08:00 P.M.
Between the first (2:00 P.M.) and the last (8:00 P.M.)
visualized time point, no information is provided to
the model. The top three rows show how different
samples add missing spatial and temporal infor-
mation, while the interpolation (fourth row) can
only spread out the existing, coarse information.
Each individual generated trajectory aligns visually
with the coarse input, while the variation among the
samples captures the uncertainty associated with the
inference problem. Notably, the model does not
introduce implausible “jumps” fromone time step to
the next but interpolates with spatially and tempo-
rally consistent dynamics.
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climate model biases and, secondly, bridging the gap between coarse and
fine grids.We adopt this perspective, thereby focusing almost exclusively on
the latter. As a pre-processing step, we apply a per-variable quantile-map-
ping bias-correction40 to the ESM outputs.

Figure 5a–d shows two model ensembles of the four variables from
different climate models: the MPI-HR (purple) and the HadGEM model
(yellow) for the year 2014 and, in comparison, the reanalysis data dis-
tribution (green curve). Comparing the distributions of the two ESMs, it
becomes evident that, even in terms of their aggregated-value distribution,

climate model outputs can differ significantly from each other and, more-
over, each individual ESM differs substantially from the reanalysis data.
Figure 5e–h visualizes the effect of the quantile-mapping bias adjustment,
which adjusts the marginal distributions of each variable in the ESM
simulations to bettermatch those of the reanalysis data. As a result, the bias-
corrected ESM simulations more closely align with the reanalysis data
(green curve). A comparison of the uncorrected and bias-corrected dis-
tributions (Fig. 5a–d vs. e–h) reveals that some residual differences remain.
Figure 5i–l visualizes the distribution of eight downscaled predictions

Fig. 6 | Local climate information through downscaling. The plot shows spatio-
temporally downscaled predictions for the MPI-HR ensemble that is part of the
CMIP6 simulations. Time progresses from left to right in 3-hourly steps, starting on
August 24, 2014, at 06:00 A.M. and ending the same day at 03:00 P.M. The four
variables, mean sea-level pressure (a), surface temperature (b), zonal (c) and

meridional (d) wind-speed components, are downscaled jointly by the model. The
top three rows show the progression of three randomly selected samples. The bottom
row shows the corresponding conditioning information from the coarse bias-
corrected (BC) ESM simulations. Where the observation is blank, the model
interpolates in time, without any conditioning information.
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(black) for each of the two climate models. The downscaled predictions for
MPI-HR (solid lines) and HadGEM (dotted lines) closely match the value
distributions of their respective bias-corrected ESM simulations. Conse-
quently, the downscaling model preserves the statistical properties of the
coarse ESM input: the downscaled distributions are neither shifted nor
skewed relative to their bias-corrected coarse counterparts, and the align-
ment extends to the tails of the distributions. As a result, any temporal
changes or variations in the distribution shape present in the coarse input
are faithfully retained in the downscaled output.

Figure 6 presents a qualitative assessment of the spatial and temporal
progression of downscaled ESM simulations. Themodel output reproduces
spatial patterns, which are, for example, consistent with geographical fea-
tures, such as theAlps, and temporal patterns, like the day-night cycle, while
introducing local weather dynamics consistent with the observations.
Together, Figs. 5 and 6 show that the model can generate high-resolution
weather trajectories that introduce complex local dynamicswhile preserving
the value distribution of the respective ESM simulations.

Discussion
We introduced a probabilistic approach to joint spatial and temporal
downscaling of multiple variables from climate to weather scale. The pre-
sented framework revolves around a generative diffusion model, which is
trained to learn an implicit representation of the dynamical patterns in
reanalysis data and serves as a probabilistic emulator for the forward
dynamics model. By conditioning the forward model via an observation
model on climate-model output, we can sample from a posterior down-
scaling distribution. Each sample drawn from this posterior adheres to the
established statistical relationship between climate output and fine-scale
weather and avoids inconsistencies between time steps and variables, which
would lead to physically implausible behavior.

Our approach aligns with a broader trend19,41–45 of replacing compu-
tationally expensive simulations with statistical models that emulate Earth-
system dynamics. Rampal et al. 46 give a topical overview and discussion
regarding the use of ML methods for statistical downscaling. In particular,
generative-modeling techniques, such as normalizing flows47, GANs18,48,
and diffusion models19,43,49 have been emerging as a popular model class.
Our model extends existing research [for example19,43,45,50,51] by enforcing
coherence across spatial, temporal, and variable dimensions. In particular,
our predictions are sampled from a joint distribution, avoiding the dis-
connection that typically comes with sampling sequences of temporally
independent states for each individual atmospheric variable. Inconsistencies
betweendownscaled time steps andvariablesmakepredicted time series as a
whole physically implausible and render the predictions unsuitable for
downstream applications that require coherent estimates. We present our
framework as one possible technique for such coherence-dependent
applications, which could include, e.g., driving dynamical climate impact
models and studies of compound events52, which require inter-variable
coherence. A recent related method by Srivastava et al.53 treats the spatial
and temporal domain jointly while focusing on a single variable (pre-
cipitation). For a chosen, fixed sequence length, their pipeline generates
high-resolution estimates from coarse simulations by separating the task
into, first, a deterministic statistical downscaling model, followed by a
generative model that introduces probabilistic estimates of high-frequency
patterns. A related model class is conditional weather generators8,46

[Ref. 4, Chapter 13], which require substantial expertise and resources to
implement. By training an unconditional generative model, we differ from
previous approaches that integrate the conditioning directly into the
training process19,45,49. In contrast toHarder et al. 42, ourmethod enables soft
and uncertainty-aware constraints post-training through posterior infer-
ence. Hess et al. 43 exploit the iterative-denoising aspect of diffusion models
and initialize the generative process at only partially perturbed target state.
This allows conditioning the model on large-scale information, which the
model enhances by replacing the remaining noise with local patterns.
Notably, this notion of “conditioning” lacks a clear probabilistic inter-
pretation and is thus fundamentally different from how we use the term

throughout this work. Further, existing work focuses on mapping between
different reanalysis data sets42,54, whereas we explicitly developed a model
that allowsmapping different climate scenarios tofinely resolved time series
that predict local weather patterns. Our trainedmodel can be readily reused
formapping fromdifferent coarsepredictors to the target resolutionwithout
retraining, simply by adapting the observation model and input data
accordingly. Diffusion bridges have been proposed for unpaired down-
scaling of fluid dynamics, though their application to climate-model
downscaling remains to be demonstrated44.

The intended scope of our work is to demonstrate the score-based data
assimilation framework by Rozet and Louppe23 as an elegant and flexible
technique for probabilistic downscaling and, prospectively, for other
inference problems in the context of atmospheric dynamics. More than
outperforming existing per-variable and per-time-step downscaling meth-
ods, or establishing our downscaling framework as a new, universally
favored approach, we aim to provide a framework for downstream appli-
cations that
• require spatio-temporally coherent time series,
• consider multiple variables jointly,
• benefit from flexibly encoding additional prior knowledge about the

relation between input and output through the post-training
conditioning.

The comprehensive feature set offered by ourmodel complicates direct
comparisons with existing methods. Nevertheless, we demonstrate that,
according to standard statistical distancemetrics, our frameworkmaintains
competitive performance when evaluated per time step and per variable
against benchmark approaches (see Supplementary Table 1). Further,
spectral density comparisons between predictions and reanalysis data are
presented in Supplementary Section 2, and a concise assessment of pre-
dictive skill for wind-power generation is provided in Supplementary Sec-
tion 4. Supplementary Fig. 11 demonstrates that the model uses learned
relationships between the jointly processed variables. Looking ahead, we
anticipate that the expanded capabilities of the presented framework will
broaden its applicability to a wider range of use cases requiring coherent,
high-resolution climate information. Additionally, themodular structure of
our approach (Fig. 1) enables the straightforward integration of further,
potentially complex, domain-specific knowledge via the observation model
in future work. For example, established functional relationships between
predicted climate variables and external forcings could be incorporated
without retraining the generativemodel. Thismodularity allows the trained
score model to serve as a reusable foundation for subsequent studies. The
diffusion model, including trained weights, and the implementations of the
methods and experiments are provided at https://github.com/
schmidtjonathan/Climate2Weather.

The main limitation of the presented framework is the increased
computational cost that comes with coherent predictions. While we have
extended the original method by Rozet and Louppe23 in terms of scalability,
enabling it to process substantially longer trajectories, the temporal and
spatial extent of the study is still limited by computational demands. Due to
the simultaneous processing of the entire state space,memory requirements
remain a limiting factor. This study limits itself to a small region (inspiredby
Langguth et al. 50) with a diverse range of orography to establish and validate
the methodological framework. However, we believe that long-range tele-
connections that affect the sub-region under study are, to some extent,
reflected in the regional predictions, given that the training data has been
drawn from a Europe-wide reanalysis dataset. This argument is visually
supported by embedding high-resolution predictions into a larger spatial
context of reanalysis data in Supplementary Section 3 (Supplementary Figs.
3 to 6).Weconclude that the technique is likelymost useful for smaller study
regions, for which highly accurate predictions of local dynamics are desired.

In summary, our framework enables joint spatial and temporal
downscaling of multiple climate variables, producing coherent, high-
resolution scenarios from coarse climate simulations. By decoupling the
learning of dynamical patterns from the conditioning on new inputs, the
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model offers a flexible and efficient tool for inference tasks in meteorology
and climate science. This approach facilitates the use of long-term climate
projections for local impact studies across multiple timescales.

Methods
Data
Weanalyze four interrelated atmospheric variables, namely the zonal (uas)
and meridional (vas) components of near-surface (10m) wind speeds,
surface (2m) air temperature (tas), and sea level pressure (psl), due to
their crucial importance for understanding atmospheric dynamics. They
evolve on different spatial and temporal scales, enabling insights into the
performance of downscaling methods across different scales.

For training (2006–2013) and evaluation (2014) of the model, we use
data fromtheConsortium for Small-ScaleModelingReanalysis 6 (COSMO-
REA6) data set, a high-resolution reanalysis product for the European
domain developed by the German Weather Service (Deutscher Wetter-
dienst; DWD)55 with a spatial resolution of ~6 km and hourly temporal
resolution. It serves as the ground truth observational dataset in the perfect-
predictor evaluation37 of the presented methodological framework. The
COSMO-REA6 data contains errors for some variables and lacks some
observations for the years prior to 2006. In this work, only data from 2006
onwards were used.

We apply our downscaling model to historical model runs from two
established general circulation models (GCMs) that are part of the sixth
phase of theCoupledModel IntercomparisonProject (CMIP6)3, namely the
higher-resolution earth system model (ESM) of the Max–Planck Institute
(MPI-ESM1.2-HR)56 and the high-resolution configuration of the third
Hadley Centre Global Environment Model in the global coupled config-
uration 3.1 (HadGEM3-GC3.1-LM)57. Both models have an ~100 km spa-
tial and 6-hourly temporal resolution.

We restrict our analysis to a spatial subregion that is oriented at the
benchmark region proposed by Langguth et al. 50. The region includes parts
ofGermany, Switzerland,Austria, and theCzechRepublic (6°E−16°E, 46°N
−52°N (see Supplementary Fig. 1)which results in 128 × 128 grid points per
time point for the reanalysis dataset.We use data for the period 2006–2014,
the time range inwhich the reanalysis and the historical GCM runs overlap.
The GCM data is spatially re-gridded to a rotated latitude-longitude grid
using bilinear interpolation to match the coordinates and grid type of the
reanalysis dataset. As a pre-processing step, we apply a quantile-mapping
procedure to the GCM data. This mitigates biases by adjusting the value
distributionof theGCMtoalignbetterwith thedistributionof the reanalysis
product. For this,weuse thequantile-mapping implementationprovidedby
the python-cmethods58 Python package with default parameters.

Model
We approach statistical downscaling as a Bayesian-inference problem59,60:
An uncertain estimate for an unknown quantity (here: high-resolution
weather) is obtained by first formulating a prior distribution that encodes
known, assumed, or learned properties of the unknown quantity. The prior
defines the output space of the prediction model. Through an observation
model (or “likelihood”), the prior is conditioned on the available informa-
tion (here: coarsely simulated climate output) to yield the posterior dis-
tribution.Theposterior ideally captures theuncertainty that is both inherent
in the prior and that arises from incomplete information and model
mismatch.

For inference in the context of dynamical systems, it is useful to for-
mulate a priormodel that somehowrepresents amechanistic system thatwe
assume to underlie the unknown dynamics. The core of the presented
methodological framework is a score-based diffusion model (DM)20,21,61–63,
which constitutes the priormodel of the framework. DMs are an instance of
generativemodels that involve training a deep neural network on a finite set
of data points, which can then be used to generate new samples from the
underlying data distribution. The basic formulation of DMs involves two
main components. Firstly, a forward diffusion process transports the data
distribution to a known, tractable distribution, such as a standard normal

distribution20,21. In this process, structured data points (like RGB images,
weather states, etc.) are successively perturbed until all signals are entirely
replaced by noise. The pivotal insight is that a certain class of diffusion
processes is known to have a reverse counterpart, providing a generative
process that successively refines samples from the noise distribution into
structured data. The reversal of the diffusion process requires access to the
score function, which can be understood as a function that, for any given
degree of perturbation during the reverse diffusion process, separates noise
from the signal to remove it. An exemplary such de-noising process for
sequences ofmeridional wind speeds is visualized in Supplementary Fig. 10.
In the following, we will give a brief overview of the general framework and
the extensions to it necessary to obtain the results presented in this work.

The considered class of diffusion processes isGauss–Markov processes
that are the solution to linear stochastic differential equations of the form64

dXðτÞ ¼ FXðτÞdτ þ LdWðτÞ; Xð0Þ � N X0; Σ0

� �
: ð2Þ

The stateX(τ) at τ = 0 is a data pointX0 � D selected fromadata setD. The
data point is successively perturbed through the diffusion process and thus
loses all structure as τ→ T. Note that τ is sometimes referred to as “time”,
which does not mean physical time but rather a continuous degree of
perturbation of the initial state. Steps in physical timewill later be denoted in
the subscript, e.g., X1:L(τ) ≔ (X1(τ), …, XL(τ)) will denote a time series of
length L perturbed according to τ. The drift F and dispersion L define
functional properties of the forward process, which is driven by Brownian
motionW(τ). At a final time step T (often T = 1), the process converges to a
Gaussian distribution such that XðTÞ � N 0;Πð Þ, where the final-step
covarianceΠdependson the choiceofF andLand is oftenmodeled tobe the
identitymatrix. Froma result byAnderson65, the reverse process of Eq. (2) is
known and given as

dXðτÞ ¼ FXðτÞ � LL> ∇XðτÞ log pτðXðτÞÞ|fflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflffl}
score function

2
64

3
75dτ þ LdW

 ðτÞ; XðTÞ � N 0;Πð Þ:

ð3Þ
This process is driven by reverse Brownian motion W

 ðτÞ and depends on
the gradient of the log-marginal density, called the score, of the diffused state
X(τ) at every perturbation-time point τ. We call Eq. (3) the generative
process, as it allows sampling unseen data points from the data distribution
simply by
• Sampling a vector of independent Gaussian noise XðTÞ � N 0;Πð Þ
• Numerically simulating Eq. (3) backwards through time, starting from

X(T) and ending at a generated sample X(0).

There is much existing and active research regarding the sampling
algorithm used in step 2, which, in general, is slower and more complex
when comparing diffusion models to other methods from the generative-
model class66–68. Hess et al. 43 employ a recent extension to the diffusion-
model framework that allows single-step sampling. This work uses a stan-
dard technique that solves an ordinary differential equation related to the
marginal distribution of Eq. (3)21,22,63, following the original proposal by
Rozet and Louppe23.

In practice, the score of pτ(X(τ)) is not accessible and has to be esti-
mated. It is common practice to train a noise-dependent neural network
sθ(X(τ), τ) on a finite set of samples from the data distribution to approx-
imate the true, intractable score function. Most practical approaches opti-
mize a de-noising score-matching objective20–22,62,63,69. In light of this,
simulating Eq. (3) is commonly perceived as iteratively de-noising the initial
Gaussian random stateX(T) and successively refining it to a noise-free data
point. For spatial data, a time-conditioned U-Net20,70 architecture has pro-
ven effective in modeling the score function. The U-Net architecture con-
sists of multiple levels, each containing blocks of convolutional layers and
skip connections. Along these levels, the spatial dimensionality of the input
data is first successively reduced and then increased again. This encoder-
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decoder structure results in a bottleneck layer that forces the model to
extract a limited set ofmeaningful features from the input.At each level, skip
connections between equal-resolution blocks are introduced to facilitate the
learning task by maintaining information throughout the encoding and
decoding process. This work uses a U-Net architecture with a total number
of around 72 million parameters, including a self-attention mechanism at
the 8 × 8-bottleneck layer20,27.

The framework used in the presented experiments leverages the work
by Rozet and Louppe23 that extends the basic DM framework, enabling
robust sampling from a posterior distribution and generating arbitrary-
length sequences of spatiotemporally coherent state trajectories. The idea
behind score-based data assimilation (SDA) is to separate an inference task
into two parts:
I. Learning a generative model that generates spatiotemporal patterns
from the target output space and

II. Conditioning the prior model using a functional or statistical con-
straint (the observation model) that defines the specific inference task.

This separation aligns with the idea of Bayesian inference, in which a
posterior estimate is obtained from combining a prior model (I.) with an
observation model (II.) through conditioning. A high-level introduction of
both parts follows below. For more details regarding the score-based data
assimilation method, an extensive evaluation, and the corresponding code
base, we refer to the original publication by Rozet and Louppe23.

The generative model (I.) constitutes the prior in the present
Bayesian-inference approach to statistical climate downscaling. As
described above, the diffusion model requires a trained score model
sθ(X(τ), τ) to iteratively refine an initial random-noise sample into a
generateddata point (cf. Eq. (3)). In our case, the generativemodel outputs
uninformed sequences of high-resolution weather patterns. To generate
sequential data, Rozet and Louppe23 propose to learn a de-noising model
on short fixed-length time windows. During training, the time window is
flattened into the channel dimension of the convolutional neural network
that represents the score model sθ. This allows the model to learn corre-
lations between different variables at different points in time. In the
sampling routine, each point in time is de-noised by computing the score
in the context of a surrounding temporal context window of size
w = 2k+ 1. Rozet and Louppe23 argue that many dynamical systems are
(approximately) Markovian, and in order to predict the current state, it is
sufficient to regard theMarkov blanket of order k around the current time
step, instead of the entire trajectory. This yields output dynamics that are
temporally coherent without the need for training the network on long
sequences, which would not only significantly increase the computational
complexity but also fix the desired sequence length L as a pre-determined
hyperparameter, greatly limiting flexibility. Through an intricate
convolution-like routine, the windows are assembled into trajectories of
arbitrary length L. The corresponding pseudo-code is taken from Rozet
and Louppe23 and given in Algorithm 1.

Algorithm 1. Composing the sequential score function sθ(X1:L(τ), τ)

For our experiments, we require scaling the original SDA framework to
allow for the prediction of very long time horizons with thousands of steps.
Unfortunately, sampling a spatiotemporally coherent trajectory in the
described manner comes at an increased computational cost and, in parti-
cular, significant memory demands since the entire state trajectory must be
held inmemory. Tomake the approach scale to predicting 1-hourly weather
dynamics formultiple years,we implement the spatiotemporal score function
Algorithm 1 as a massively parallelized convolution operation through time
that efficiently manages the available memory—optionally on multiple
devices. This extension of the original implementation has proven indis-
pensable for the problemscale. The correspondingPython implementation is
provided at https://github.com/schmidtjonathan/Climate2Weather.

The generativemodel described above can generate random sequences
of weather-like patterns. One can think of it as a “physical prior” in that it
represents a statistical model for the general spatial and temporal patterns
observed in high-resolution weather dynamics. Note that the physical laws
are only implicitly represented by this model, through learning it from
existing simulations, and no explicit mechanistic laws are encoded in the
model. To tackle the downscaling task specifically, we have to inform
the priormodel about the climate constraints. To this end, we introduce the
conditioning mechanism, which allows us to impose the constraints pro-
vided by the coarse ESM simulations onto the prior model.

We proceed to describe the conditioning mechanism (II.). While the
unconditioned diffusion model generates samples p(X(0)), the goal is to
sample from a posterior p(X(0)∣Y), instead. We denote the high-resolution
output with X(0) and the coarse input with Y. Here, we include the noise
level τ of the sample X(τ) into the notation (in the parentheses), as it will
become relevant in this section. Recall that X(0) is the generated, noise-free
sample. An observation model p(Y∣X(0)) relates the coarse input Y to X(0).
We consider a Gaussian observation model

pðY jXð0ÞÞ ¼ N ðY; hðXð0ÞÞ;RÞ; ð4Þ

with an observation operator h(X(0)) that can be a linear or non-linear
function23,71 and observation- or sensor noise defined by a positive-definite
matrixR. In our case,h selects from thehigh-resolution stateX every 6 hand
computes an area average in space (see Eq. 1). For our experiments, the
observation noise R is selected by running a simple random search on a
range of plausible values. To acceleratemodel selection,we choseRbasedon
the model’s downscaling performance on a 2-day window. The resulting
observation model is used in all presented experiments. Sampling from
p(X(0)∣Y) amounts to replacing the score function in Eq. (3) by a posterior
score function ∇XðτÞ log pτðXðτÞjYÞ. The posterior score is obtained
through Bayes’ rule by noting that

∇XðτÞ log pðXðτÞjYÞ ¼ ∇XðτÞ log pτðXðτÞÞ þ ∇XðτÞ log pðY jXðτÞÞ; ð5Þ

The normalization constant is not dependent onX and thus vanishes when
taking the gradient. The prior score is modeled with the parametric score
model sθ(X(τ), τ). Note that the likelihood term p(Y∣X(τ)) is defined on the
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perturbed state X(τ) and has to be approximated to be compatible with the
observation model p(Y∣X(0)). For details, we refer the reader to [ref. 71,
Section 3.1], who establishes the concept of “Diffusion Posterior Sampling”
and to its extension by Rozet and Louppe23 (Section 3.2). Further, a math-
ematical description is given in Supplementary Section 6. To make the
conditioning work efficiently at the problem scales considered in our
experiments, we introduce an approximation in the conditioning
mechanism that avoids the computation of gradients with respect to the
score network. This is described and derived in Supplementary Section 6.

Experimental setup
ESM projections are not directly paired to reanalysis data, so we begin by
evaluating the generative downscalingmodel in an on-model setting.We set
up an experimental setting that allows us to compare the model output to a
ground truth to assess its predictive performance. Firstly, the model is
trained on a subset (2006–2013) of the COSMO reanalysis data. A separate
subset (2014) serves as a test set. Then,…
1. …fromthe test set,we select an evaluationperiodandgenerate artificial

coarse observations that represent ESM projections. The spatial reso-
lution is reducedby a factor of 16 × 16 and the temporal resolution by a
factor of 6 (see Eq. 1). Specifically,

(a) every 6th time step (hour) is selected from the ground truth,
(b) a patch-wise spatial averaging operation is applied throughout the

spatial region at every time step. We compute the arithmetic mean
for each 16 × 16 spatial patch to yield a single spatial observation.

2. With the observations from 1., the model predicts the underlying 1-
hourly, high-resolution weather dynamics lost by coarsening the data.
Multiple samples are drawn.

3. The samples are compared to the reanalysis data from the same time
period and evaluated. Variations between the samples provide struc-
tured uncertainty.

As a second step, ESM (CMIP 6) simulations replace the artificially
coarsened reanalysis data for the final experiment. Instead of artificially
spatiotemporally subsampled reanalysis data, we condition the score
model on two different ensembles from the CMIP 6 data set: the MPI-
HR and the HadGEM3 runs. The experimental setup is adopted exactly
from the on-model experiments, aside from the ESM conditioning
information and the extended considered time horizon of one full year.
Concretely, we downscale the ESM simulations for the considered
spatial patch from January 1, 06:00 A.M. until December 31, 06:00 A.M.
(8736 h) for the year 2014, increasing the spatial resolution from 8 × 8
(~100 km) to 128 × 128 (~6 km) grid points. For the four high-resolution
variables, this corresponds to a total of 4 × 8 736 × (128 × 128) =
572,522,496 predicted values given conditioning information that is
coarser by a factor of (16 × 16) × 6 = 1536. For this specific experiment,
we used four NVIDIA A-100 GPUs, each of which generated two pre-
dictions in parallel. Generating 1-year sample of hourly downscaled
predictions for the 128 × 128-node region takes around 2 h on a single
NVIDIA A-100 device.

Data availability
The reanalysis data were taken from the COSMO REA-6 reanalysis
product55. The CMIP6 data3 was downloaded from the Earth System Grid
Federation (ESGF) at https://esgf-node.llnl.gov/projects/cmip6/.

Code availability
The code (in Python) for model training and evaluation, data processing,
and for reproducing all presented experiments and figures contained in this
manuscript, is available at https://github.com/schmidtjonathan/Climate
2Weather. For the qunatile-mapping bias adjustment, the Python library
python-cmethods58 was used. Part of the plots were generated using the
Cartopy library72. The neural-networkmodel and training are implemented
using the PyTorch library73.
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