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Abstract. Climate change exacerbates extreme weather
events like heavy rainfall and flooding. As these events cause
severe socioeconomic damage, accurate high-resolution sim-
ulation of precipitation is imperative. However, existing
Earth System Models (ESMs) struggle to resolve small-scale
dynamics and suffer from biases. Traditional statistical bias
correction and downscaling methods fall short in improving
spatial structure, while recent deep learning methods lack
controllability and suffer from unstable training. Here, we
propose a machine learning framework for simultaneous bias
correction and downscaling. We first map observational and
ESM data to a shared embedding space, where both are un-
biased towards each other, and then train a conditional diffu-
sion model to reverse the mapping. Only observational data
is used for the training, so that the diffusion model can be
employed to correct and downscale any ESM field without
need for retraining. Our approach ensures statistical fidelity
and preserves spatial patterns larger than a chosen spatial cor-
rection scale. We demonstrate that our approach outperforms
existing statistical and deep learning methods especially re-
garding extreme events.

1 Introduction

With global warming, we anticipate more intense rainfall
events and associated natural hazards, e.g., in terms of floods
and landslides, in many regions of the world (IPCC, 2023).
Understanding and accurately simulating precipitation is par-

ticularly important for adaptation planning and, hence, for
mitigating damages and reducing risks associated with cli-
mate change. Earth System Models (ESMs) play a crucial
role in simulating precipitation patterns for both historical
and future scenarios. However, these simulations are compu-
tationally extremely demanding, primarily because they re-
quire solving complex partial differential equations. To man-
age the computational load, ESMs resort to approximate so-
lutions on discretized grids with coarse spatial resolution
(typically around 100 km). The consequence is that these
models do not resolve small-scale dynamics, such as many of
the processes relevant to precipitation generation. This leads
to considerable biases in the ESM fields compared to obser-
vations. Moreover, the coarse spatial resolution prevents ac-
curate projections of localized precipitation extremes. There-
fore, precipitation fields simulated by ESMs cannot be used
directly for impact assessments (Zelinka et al., 2020) and es-
pecially tasks such as water resource and flood management,
which require precise spatial data at high resolution (Gut-
mann et al., 2014).

Statistical bias correction methods can be used as a
post-processing to adjust statistical biases. Quantile map-
ping (QM) is the most common method for improving the
statistics of ESM precipitation fields (Tong et al., 2021; Gud-
mundsson et al., 2012; Cannon et al., 2015; Miao et al.,
2019). QM reduces the bias using a mapping that, locally
at each grid cell, aligns the estimated cumulative distribution
of the model output with the observed precipitation patterns
over a reference time period. Although QM is effective in
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correcting distributions of single grid cells, it falls short in
improving the spatial structure and patterns of precipitation
simulations (Hess et al., 2022). A visual inspection shows
that ESM precipitation remains too smooth compared to the
observational data after applying quantile mapping.

To address these problems, deep learning methods have re-
cently been introduced (Pan et al., 2019; Li et al., 2022; Hess
etal., 2023; Pan et al., 2021; Francois et al., 2021; Hess et al.,
2022). In these approaches, the statistical relationships be-
tween model simulations and observational data are learned
implicitly. A general constraint when using machine learn-
ing methods for bias correction is that individual samples of
observational and Earth System Model data are always un-
paired. In this context, a sample is a specific weather situa-
tion at a specific point in time. The reason for this lack of
pairs is that simulations, even with very similar initial con-
ditions, diverge already after a short period of time due to
the chaotic nature of the underlying atmospheric dynamics.
Currently, one can, therefore, not utilize the wide range of su-
pervised machine learning (ML) techniques that have shown
great success in various disciplines in recent years and the
available options are consequently restricted to self- and un-
supervised machine learning methods. Recent studies (Hess
et al., 2023; Pan et al., 2021; Francois et al., 2021; Hess
et al., 2022) applied generative adversarial networks (GANSs)
(Goodfellow et al., 2020) and specifically cycleGANs (Zhu
et al., 2017) to improve upon existing bias correction tech-
niques. A major limitation of GAN-based approaches is that
the stability and convergence of the training process are dif-
ficult to control and that it is challenging to find metrics that
indicate training convergence. In addition, GANs often suffer
from mode collapse, where only a part of the target probabil-
ity distribution is approximated by the GAN.

As noted above, the low spatial resolution of ESM fields
prevents local risk and impact assessment, necessitating the
additional use of downscaling methods. In line with the cli-
mate literature, we refer to increasing the spatial resolution
as downscaling throughout our manuscript, although we are
aware that, especially in the machine learning literature, the
term upsampling is more prevalent. We use the term down-
scaling only when we want to increase the information con-
tent in an image as well as the number of pixels. When we re-
fer to upsampling (downsampling), we only mean an increase
(decrease) in the number of pixels. Statistical downscaling
aims to learn a transformation from the low-resolution ESM
fields to high-resolution observations. Recent developments
lean towards using machine learning methods for this task
(Rampal et al., 2022; Hobeichi et al., 2023; Rampal et al.,
2024). The potential for machine learning-based downscal-
ing methods was already shown in (Vandal et al., 2017;
van der Meer et al., 2023; Doury et al., 2023, 2024; Ram-
pal et al., 2025).

Recently, Hess et al. (2025) used an unconditional consis-
tency model (CM) for downscaling 3° x 3.75° precipitation
data to 0.75° x 0.9375°. Our work addresses the more chal-
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lenging task of downscaling from 1° x 1.25° to 0.25° x 0.25°
resolution, a scale essential for regional impact assessments.
We show that the consistency model applied to our higher
resolution setting with limited amounts of training data strug-
gles to approximate the distribution, highlighting an advan-
tage of our conditional training approach. The analysis is
further extended to out-of-distribution scenarios, particularly
those involving extreme precipitation and future emission
projections.

Diffusion models (DMs) have recently emerged as the
state-of-the-art ML approach for conditional image genera-
tion (Saharia et al., 2022b; Rombach et al., 2022; Saharia
et al., 2022c) and image-to-image translation (Saharia et al.,
2022a), mostly outperforming GANs across different tasks.
Diffusion models (Figs. 1 and S1 in the Supplement) avoid
the common issues present with GANs in exchange for
slower inference speed. A diffusion model consists of a for-
ward and a backward process. During the forward process,
noise is added to an image in subsequent steps to gradu-
ally remove its content. The amount of noise added follows a
predefined equation. During the backward process, a neural
network is trained to reverse each of these individual nois-
ing steps to recover the original image. The trained diffu-
sion model can generate an image of the training data dis-
tribution, given a noise image as input. Recent work (Wan
et al., 2024) introduced a framework for downscaling and
bias correction, combining a diffusion model that is respon-
sible for downscaling and a model based on optimal trans-
port responsible for bias correction. Optimal transport (Cu-
turi, 2013) learns a map between two data distributions in an
unsupervised setting. However, this framework is computa-
tionally expensive and has so far only been demonstrated on
synthetic datasets, without evaluation on real-world observa-
tional or ESM fields. In contrast, our approach is computa-
tionally efficient by combining computationally efficient QM
for large-scale bias correction with a conditional diffusion
model that performs both small-scale bias correction and
downscaling by generating matching small-scale patterns.
We demonstrate its effectiveness for precipitation data, high-
lighting its ability to correct biases, downscale accurately,
and capture extremes, uncertainties, and trends. A major ad-
vantage is that our conditional training allows us to use a
relatively small dataset for training and still capture the dis-
tribution accurately. In contrast, unconditional models often
need considerably more data to capture the full data variabil-
ity, as we also show in our comparison to Hess et al. (2025)
(see Fig. S2).

Existing work leveraging state-of-the-art ML methods for
bias correction and downscaling does not systematically in-
vestigate out-of-distribution scenarios like future emission
scenarios and especially the representation of extreme events
of the generative models in detail. Understanding the gener-
alization performance of the models under these conditions
is, however, crucial for impact modelers who rely on these
outputs for risk assessments under future climate conditions.
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Figure 1. Schematic overview of our approach. (a) Bias correction and downscaling can be formulated as a mapping « from the ESM data
space to the data space of observations (OBS) used for training. We first map both datasets to a shared embedding space and then learn the
inverse of the mapping f with a DM. We achieve a correction of the ESM data by applying DM o g. (b) Our framework allows to train a
single model for bias correction and downscaling in a supervised way despite the unpaired nature of OBS and ESM fields. We construct
functions f, g that map OBS € V°PS and ESM € V™ fields to a shared embedding space VE™P. Note that this embedding space does
not enforce pairing between individual fields, but a similar distribution between the embedded fields. By inverting f, we can rewrite w as
w=f -1s g. We learn the inverse f ~1 with a conditional diffusion model. This model is trained (blue arrow) on pairs of observational data
to approximate the map from f(OBS) to OBS. Because f(OBS) and g(ESM) share the embedding space (and are identically distributed by
construction), we can evaluate (green arrow) the DM on the embedded ESM data g(ESM) and thereby approximate the bias correction and
downscaling function w = f —ls g = DMo g, without the need of paired data between OBS and ESM. (c) Left panels: training process of the
conditional DM DM ~ f~!. Note that the individual samples of the input OBS and their embeddings f(OBS), as well as the embeddings
f(OBS) and the output of DM =~ f ~Lare paired, respectively. Right: Inference process of DM ~ f —! In this case, the individual samples
of the input ESM, their embeddings g(ESM), and the output of DM =~ f 1 are paired, respectively. It is not necessary for the training
embedding samples to be paired with the inference embedding samples.
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We will therefore present a detailed analysis of the general-
ization capability of our approach, both in terms of its per-
formance in preserving climate change trends, as well as in
capturing extreme events and their trends.

A major challenge in bias correction and downscaling
of ESMs is that the whole class of state-of-the-art super-
vised machine learning methods is not applicable in this set-
ting. This is due to two fundamental issues. First, due to
the chaotic nature of atmosphere and ocean dynamics, ESM
simulations and observational data are inherently unpaired.
This means that the weather on a specific day in an ESM
simulation does not correspond to the observed weather on
the same day, which prevents directly training a supervised
ML method on the task. Second, training a ML model on
observational data and applying it to ESM data is unreli-
able due to the substantial distribution shift between both
datasets caused by systematic biases in the ESM. This vi-
olation of the assumption of independently and identically
distributed (i.i.d.) data leads to poor generalization. Our pro-
posed framework directly addresses both challenges. We re-
formulate the problem in a novel way, which allows us to
train arbitrary ML models in a conditional setup without the
need for explicit ESM-observation pairs, while at the same
time resolving the distribution shift.

We present a novel framework based on state-of-the-art
conditional diffusion models that allows us to perform both
bias correction and downscaling with one single neural net-
work, which only takes precipitation as input and output. We
use a conditional diffusion model (Figs. 1 and S1) to correct
low-resolution (LR) ESM fields toward high-resolution (HR)
observational data (OBS). The supervised formulation of the
task allows us to train a conditional diffusion model that is
more data efficient (requiring less training data) than its un-
conditional counterpart because it is trained to only learn
the small-scale precipitation patterns, given the large-scale
patterns. The model then learns to copy the correct large-
scale information from the condition channel. An uncondi-
tional model that learns to approximate the full distribution
of precipitation at all scales is unnecessarily complex for the
task. In general, our task of bias correction and downscal-
ing can be seen as taking a field from a distribution p(ESM)
and transforming it into a field from a conditional distribution
p(OBS|ESM).

A key idea of our framework is to reformulate the prob-
lem in a way that yields a clear training objective. A key
part of it is a statistical mapping to an embedding space,
which ensures that training and inference data are identi-
cally distributed. We achieve this by introducing transforma-
tions f and g that map observational (OBS) and ESM data
to a shared embedding space (see Methods and Fig. 1a). This
space is explicitly designed to solve the two fundamental is-
sues mentioned above: it creates a valid supervised objective
by providing paired samples of observational data and their
perturbed embeddings (OBS, f(OBS)), and it ensures the
training and inference distributions match by making the dis-
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tributions of the embeddings f(OBS) and g(ESM) similar.
On this shared embedding space, we can train a conditional
diffusion model to approximate the inverse of f (Fig. 1b
and c). The neural network is trained to predict the clean
OBS data given the embedded OBS data, thereby only re-
lying on pairs between OBS and f(OBS). For inference, the
ESM data is mapped into the same embedding space using
the transformation g. The statistical similarity of the result-
ing embeddings f(OBS) and g(ESM) enables the diffusion
model, which was trained exclusively on observational data,
to generalize effectively to downscale and bias-correct the
ESM fields. The diffusion model will map the embedded
ESM data towards the distribution of observational data, re-
sulting in bias-corrected and downscaled ESM fields.

This framework offers great flexibility as it can be applied
to any ESM, with minimal adjustments in the embedding
pipeline. The embedding transformation for the ESM has
two key components. First, we use quantile mapping (QM)
as a fast and effective method to correct large-scale biases
in the ESM. Second, we introduce noise to remove small-
scale information in the precipitation fields. We define large
scales as those spatial scales that are effectively corrected us-
ing QM alone, while smaller spatial scales, which require
additional correction, are referred to as small scales (Fig. 2).
This noise selectively targets small-scale patterns, leaving in-
tact large-scale patterns. In our approach, quantile mapping
addresses large-scale biases, while the small-scale biases and
downscaling are handled by our diffusion model. The task of
our model is then to perform downscaling and bias correc-
tion by regenerating these small-scale features, in a way that
ensures consistency with the preserved large-scale patterns.
When applying our framework on a different region or ESM,
it is computationally inexpensive to recompute the quantile
mapping (QM) for the embedding transformation.

2 Results

The ability of the diffusion model DM to approximate f~!
and the effectiveness of the transformations f, g will deter-
mine the overall performance of the downscaling and bias
correction model w = DM o g. Therefore, we first investi-
gate the effectiveness of the embedding transformation f
and g, followed by an analysis of the downscaling and bias
correction performance of the diffusion model DM, on the
observational dataset. Once we have shown that both work
as expected, we investigate the performance of the diffu-
sion model in bias correction and downscaling of the ESM
precipitation fields. Without loss of generality, we chose the
0.25° ERAS reanalysis (Hersbach et al., 2020) data as obser-
vational data and the state-of-the-art GFDL-ESM4 (Dunne
et al., 2020) at 1° as our ESM.

https://doi.org/10.5194/gmd-19-1791-2026
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Figure 2. Power spectral densities (PSDs) for different choices noising scale of the diffusion model. The noising scale s (dashed line) is a
hyperparameter that can be chosen depending on the ESM and observational datasets, as well as on the specific task. For the maximal choice
of s (a) all information in the observations (ERAS) and model simulations (GFDL) is noised and thereby destroyed. Conditioning on pure
noise makes the task equivalent to unconditional image generation. The diffusion model will learn to generate observational fields with no
relation to the ESM fields. When s is chosen to be minimal, there will be no noising and the conditional generation will directly replicate
the condition, i.e. the ESM field. In (b) we chose s as the point where the PSDs of the observational and simulated datasets intersect. We
then apply sufficiently many forward diffusion noising steps to both datasets, destroying small-scale structure until they agree in the PSD.
We call scales smaller than s small scales and scales larger than s large scales. In (¢) and (d), the effects of choosing a smaller noise scale s

are shown. Prior knowledge about the ESM or its accuracy can also guide the choice of s.

2.1 Embedding evaluation

Transformations f, g are chosen so that they map obser-
vational (OBS) and model (ESM) data to a common em-
bedding space Ve™, where all samples are identically dis-
tributed. For constructing f and g we need f(ERAS) and
g(GFDL) to be unbiased with respect to each other. The
transformations need to be chosen such that the embedded
data share the same distribution and the same power spectral
density (PSD). We assess if they are statistically unbiased
towards each other by analyzing their histograms and lati-
tude / longitude profiles, as well as their spatial PSDs (after

https://doi.org/10.5194/gmd-19-1791-2026

applying pre-processing transformations). Figure S3 shows
that f(ERAS) and g(GFDL) have the same spatial distribu-
tion (Fig. S3a) with minor differences in temporal statistics
shown by the histogram (Fig. S3b) and latitudinal/ longitudi-
nal profiles (Fig. S3c and d).

The individual operations that make up the transforma-
tions f and g do not change the large-scale patterns of their
respective inputs, as desired for a valid bias correction. The
goal of downscaling and bias correction w (Fig. 1) is to rely
on the unbiased large-scale patterns of the ESM and cor-
rect statistics, as well as small-scale patterns. The transfor-
mation g preserves the unbiased information from the ESM

Geosci. Model Dev., 19, 1791-1808, 2026
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by construction. Therefore, we want the diffusion model, ap-
proximating f~!, to also preserve unbiased information.

The extreme case of erasing all detail with large amounts
of noise (Fig. 2a) leads to learning the unconditional distribu-
tion p(ERAS), which is then not a correction of GFDL but a
generative emulation of the ERAS reanalysis data. We tested
this by adding the same amount of noise to the output of our
diffusion model that was added to create g(GFDL). This en-
sures that both the downscaled and bias-corrected fields, as
well as the original GFDL fields, lack the small-scale details
up to the same point.

To verify that large-scale patterns are preserved by the dif-
fusion model, we compute image similarity metrics between
the low pass filtered version of the input of the diffusion
model (embedded ERAS data f(ERAS)) and the low pass
filtered output of the diffusion model DM( f (ERAS)). The
output of the low pass filter leaves the large-scale features
unchanged. The comparison yields an average structural sim-
ilarity index (SSIM) (Wang et al., 2004) value of 0.85 and
a Pearson correlation coefficient of 0.95 for the validation
dataset. This verifies that large-scale patterns are well pre-
served by the diffusion model.

Our diffusion model is able to reconstruct high-resolution
fields following the ERAS distribution from embedded
ERAS fields f(ERAS), with only minor discrepancies in
small-scale patterns (Fig. S4a). A comparison between the
mean absolute spatial-temporal difference between the first
downsampled and then bilinearly upsampled ERAS and the
ground truth ERAS fields at 0.25° yields a mean bias of
0.27mmd~!. The downscaling of our diffusion model re-
duces this bias to 0.21mmd~! (at 0.25°). Our diffusion
model thus approximates f~! well, and we successfully
created a shared embedding space in which f(ERAS) and
g(GFDL) are identically distributed.

2.2 Evaluation of downscaling and bias correction
performance

We investigate the inference performance of our diffusion
model on embedded GFDL data g(GFDL). We compare the
downscaling and bias correction performance of our diffu-
sion model to a benchmark consisting of first applying bilin-
ear upsampling followed by QM for bias correction.

Figure 3 presents a qualitative comparison between the
different individual precipitation fields. The upsampled
GFDL fields, as well as our benchmark are visually too
smooth. They therefore appear blurry compared to the ERAS
precipitation fields despite having the same spatial resolu-
tion of 0.25°. Our diffusion model produces high-resolution
detailed outputs that are visually indistinguishable from the
ERAS reanalysis that we treat as the ground truth. We also
compared our diffusion model to a different state-of-the-art
diffusion model implementation, EDM (Karras et al., 2022).
The EDM model was trained for the same number of epochs,
while taking twice as long for one. The EDM almost per-
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fectly corrects the spectrum (Fig. S5a). However in both the
histogram (Fig. S5b) as well as in latitudinal and longitu-
dinal profiles (Fig. S5c and d) the EDM model is inferior to
our proposed diffusion model. We also compared our method
against a VQ-VAE-based generative model, finding that our
model outperforms it across these metrics (for details, see
Sect. S3 and Fig. S6).

To further validate our choice of architecture, we also
compare the diffusion model’s performance against two
other state-of-the-art deep learning models, a UNet and a
Transformer, using the same experimental setup. The re-
sults (Fig. S7) show a significant advantage for the DM in
reproducing small-scale spatial patterns, by aligning better
with the ERAS reference spectrum (Fig. S7a). In contrast,
all three models perform comparably well in correcting the
overall precipitation distribution and the latitudinal/longitu-
dinal mean profiles (Fig. S7b—d). The generative process of
the diffusion model is particularly well-suited for correcting
the high-frequency spatial details. Another advantage over
both deterministic models is the DM’s stochasticity, which
allows for the generation of ensembles to quantify uncer-
tainty.

The analysis of temporally averaged precipitation fields
shows that the climatology of the diffusion model-corrected
GFDL data (Fig. 4a) and the high-resolution ERAS5 data
(Fig. 4c) is more accurate and less smooth than the clima-
tology of the GFDL data (Fig. 4b). A comparison between
the absolute temporally and absolute spatial-temporally av-
eraged diffusion model corrected GFDL and ERAS fields
(Fig. 4d) yields a bias of 0.32mmd~'. This is a substantial
improvement over the original GFDL dataset, which yields a
bias of 0.69 mmd~! (Fig. 4e). Our diffusion model performs
comparably with the state-of-the-art bias correction perfor-
mance of our benchmark, which is by design optimal for this
task, at 0.26mmd~! (Fig. 4f). For a quantitative compari-
son including Root Mean Square Error (RMSE) and Pearson
correlation for these climatologies, see Table S1 in the Sup-
plement.

There are large differences between the GFDL and ERAS
data in small-scale patterns (Fig. 5a). The histogram of pre-
cipitation intensities (Fig. 5b) also confirms that the ESM is
only really accurate for precipitation events up to 40 mmd~!,
after which the respective frequencies diverge. The latitudi-
nal and longitudinal mean profiles (Fig. 5c and d) indicate
the presence of regional biases.

Our framework demonstrates comparable skill to the QM-
based benchmark in correcting the latitude and longitude pro-
files, for which QM is near optimal by construction (Fig. 5S¢
and d). Comparing the histograms (Figs. 5b and S8) shows
that our diffusion model is superior compared to the bench-
mark, strongly outperforming it for extreme values, in partic-
ular.

For the spatial patterns and especially the small-scale spa-
tial features, the QM benchmark shows only slight improve-
ments over the original GFDL data (Fig. 5a). The diffusion
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GFDL - sample 1

35°S
45°s
55°5 |-

85°W 75°W 65°W 55°W 45°W 35°W

QM-corrected GFDL - sample 1
I} .
T sdeg

85°W 75°W 65°W 55°W 45°W 35°W
DM-corrected GFDL - sample 1

85°W 75°W 65°W 55°W 45°W 35°W
lel

ERAS5 - samp

25°S
35°S
45°S

55°S

85°W 75°W 65°W 55°W 45°W 35°W

GFDL - sample 2

85°W 75°W 65°W 55°W 45°W 35°W
QM-corrected GFDL - sample 2
A~

&‘ . T

15°5
25°5
35°5
as°s
55°5

85°W 75°W 65°W 55°W 45°W 35°W

DM-corrected GFDL - sample 2
z{ . EA T v' o

15°S
25°S
35°S
45°s
55°S

[ _ po—

85°W 75°W 65°W 55°W 45°W 35°W
ERA5 - sample 2
f ¢ &

5°S

15°S

25°S

35°S

45°S |

55°S

85°W 75°W 65°W 55°W 45°W 35°W

M. Aich et al.: Conditional diffusion models for precipitation downscaling and bias correction

GFDL - sample 3

85°W 75°W 65°W 55°W 45°W 35°W
ERA5 - sample 3
F A7

o I

sl
85°W 75°W 65°W 55°W 45°W 35°W

1797

-

Q e’), N 9 ”Q'Tf)@Q\PQ{”Q/f’Q@QQ
Precipitation [mm/d]

Figure 3. Comparative visualization of individual randomly selected samples. Each row presents three samples of the same dataset. The top
row shows GFDL ESM4 data, bilinearly upsampled to 0.25° to match the other fields. The second row shows QM-corrected and the third row
diffusion model-corrected GFDL fields. The bottom row shows samples of the original ERAS data, which are unpaired to the GFDL fields
above. Visual inspection shows that the diffusion model correction greatly improves upon the QM correction in terms of producing realistic
spatial patterns, since the QM-corrected fields remain way too blurry compared to the HR ERAS data. The overall large-scale patterns are
preserved by the DM. There is no visual difference between the details and sharpness of diffusion model-corrected GFDL fields compared
to ERAS.
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Figure 4. Comparison of climatologies and model biases. The first row shows the climatology of (a) the diffusion model-corrected GFDL at
0.25°, (b) the GFDL ESM4 model, upsampled to 0.25° and (c) the 0.25° ERAS data. The second row shows the bias of the GFDL and the
QM- and diffusion model-corrections, defined as the difference between long-term temporal averages of all validation samples. Specifically,
the temporally averaged bias fields with respect to ERAS are shown for (d) the diffusion model correction, (e) the uncorrected GFDL and
(f) the QM correction. Results indicate a substantial improvement of our diffusion model (a) and the benchmark (c) over just upsampling
GFDL to 0.25°. The absolute bias on top of each panel is given by the mean absolute value of the differences over the spatial and temporal

dimension with respect to ERAS.

model is vastly superior in correcting these small-scale spa-
tial patterns (Figs. 5a and 3) and almost completely removes
the small-scale biases, as seen in the spatial PSD.

To verify that large-scale patterns are preserved by the dif-
fusion model, we compute image similarity metrics between
the low-pass-filtered embedded GFDL data and the low-pass
filtered output of the diffusion model. The comparison yields
an average structural similarity index value (SSIM, Wang
et al., 2004) of 0.77 and a Pearson correlation coefficient
of 0.90, verifying that large-scale patterns are well preserved
by the diffusion model.

We also assess our model’s performance on extreme pre-
cipitation events. For this, we use the R95p metric, which
is defined as the total annual precipitation from wet days
(PR > I mmd~") that exceed the 95th percentile of our ref-
erence period. The difference between the R95p values for
the ERAS and DM corrected GFDL (Fig. S9a), the ERAS
and QM corrected GFDL (Fig. S9b) and ERAS and GFDL
(Fig. S9c), demonstrate that the diffusion model effectively
corrects the bias in extreme precipitation events, perform-
ing at least as well as the quantile mapping correction. To
further test the model’s performance on correcting charac-
teristics of rainfall events in the tail of the distribution, we
conduct a return-level analysis for extreme rainfall events

Geosci. Model Dev., 19, 1791-1808, 2026

(Fig. S10). We calculated the average return periods for
both moderately extreme (> 50mmd~!) and very extreme
(> 80mmd~") events. The raw GFDL model has a signif-
icant wet bias, substantially underestimating the return pe-
riods (3.33 and 4.60 years) compared to the ERAS refer-
ence (4.11 and 7.38 years). Our DM successfully mitigates
this bias, yielding more realistic return periods of 4.18 and
7.98 years.

We show that the spatial correlation between the cli-
matologies is improved through our method by comput-
ing the Pearson correlation between the temporally aver-
aged fields. The Pearson correlation between ERAS5 and
GFDL climatology is 0.83, while the correlation between
ERAS and DM-corrected GFDL is 0.98, which is the same
as that for the QM-corrected GFDL data. We also inves-
tigate how our DM captures the statistics of consecutive
dry days (CDD) and consecutive wet days (CWD) com-
pared to the QM benchmark and the raw GFDL (Fig. S11).
Our diffusion model produces superior CDD (Fig. S12a and
Fig. S12b) and CWD (Fig. S12d and e) statistics compared
to our QM benchmark and GFDL, as shown in the difference
plots of CDD/CWD.

Our method therefore accurately preserves the large-scale
precipitation content, while successfully correcting small-
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Figure 5. Evaluation of our diffusion model’s performance for downscaling and bias correction. Comparison of GFDL (bilinearly upsampled
to 0.25°) (orange) and ERAS (black) to diffusion model-corrected GFDL (magenta) and QM-corrected GFDL fields (blue) as our benchmark.
The Power spectral density (PSD) plot (a) shows that the diffusion model corrects the small-scale spatial details far better than our benchmark.
The spectrum aligns very well with the high resolution ERAS target data. The histograms (b) as well as the latitude (c¢) and longitude (d)
profiles show substantial improvements compared to the uncorrected GFDL data.

scale structure of the precipitation fields, as well as statistical
biases in histograms and latitude/longitude profiles (Fig. 5).
Finally, we confirmed the temporal consistency of our model
by analyzing autocorrelation (Fig. S13) and seasonal spell
duration (Fig. S14). We further validated the robustness of
our metrics over an extended validation period (1995-2014)
(Fig. S15).

We also test our framework on a different region of simi-
lar size over South Asia. We choose the same GFDL dataset
and keep the experimental setup and evaluation identical to
the South American region. The setup for quantile mapping
the South Asia GFDL data and creating the benchmark data
is also the same. We retrained our DM on mapping embed-
ded ERAS data (over South Asia) to the original ERAS data.
The noising scale in this experiment is the same as for South
America, as the PSDs for both regions diverge around the
same spatial scale. The evaluation (Fig. S16) confirms that
our DM successfully corrects precipitation biases in this new
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region and most notably outperforms the QM baseline in rep-
resenting small-scale spatial features.

To further assess our framework’s robustness, we con-
ducted an additional experiment using a different ESM. We
replaced the GFDL dataset with the MPI-ESM-HR model
while keeping the experimental setup and evaluation proto-
col identical. The MPI and GFDL data diverge at a similar
spatial scale in the PSD over the South American domain,
allowing us to use the same noising scale hyperparameter
s. Quantile delta mapping was applied in the same way as
for the GFDL data. Consequently, our diffusion model did
not require retraining and could be applied directly to the
embedded MPI data at inference. Evaluation on our main
metrics (Fig. S17) demonstrates our framework’s ability to
generalize to different ESMs. Our DM not only restores spa-
tial variability across all scales significantly better than the
QM benchmark (Fig. S17a), but also shows superior ability
to reproduce the frequency of extreme precipitation events
(Fig. S17b).
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2.3 Evaluation of ensemble spread

One of the key strengths of our method lies in its capabil-
ity to generate a diverse ensemble of downscaled and bias-
corrected fields from a single condition. We therefore eval-
uate the ability of our diffusion model to represent and pro-
duce accurate estimates of uncertainty, a critical aspect for
robust climate modeling and decision-making. We generate
a 50-member DM ensemble by running the model 50 times,
each conditioned on the same low-resolution ERAS year,
producing one-year trajectories. The corresponding high-
resolution year serves as the ground truth. Our results demon-
strate that the DM ensemble effectively reproduces the cor-
rect precipitation patterns, as shown by the close alignment
between the ensemble mean and the high resolution ground
truth of ERAS over the annual cycle (Fig. S18). Proba-
bilistic performance, evaluated using CRPS, highlights that
the DM significantly outperforms a bilinear baseline, with
lower mean CRPS values (0.76 mmd~! vs. 0.90mmd—1),
as well as better temporally and spatially averaged CRPS
(Fig. S19). Furthermore, we confirm that the DM ensemble
produces well-calibrated uncertainty estimates with a spread-
skill plot. Our model achieves near-perfect alignment with
the 1: 1 line, indicating an accurate representation of uncer-
tainty (Fig. S20). For more details see Sect. S4.

2.4 Evaluation on future climate scenarios

Evaluating the performance of downscaling models is cru-
cial for their application in climate impact studies under
future climate scenarios. We assess our diffusion model’s
ability to preserve climate change signals in the underly-
ing ESM simulations by applying it to a high-emission fu-
ture scenario (SSP5-8.5). Figure 6 compares the relative cli-
mate change signal between the late 21st century (2081-
2100) and the historical period (1995-2014) for annual mean
and annual extreme precipitation. We find that our down-
scaled 0.25° fields successfully capture the mean precipi-
tation change, closely matching the pattern and magnitude
shown in the original 1° GFDL data (Fig. 6a and b). The
diffusion model also robustly preserves the climate change
signal for extreme precipitation indices, including Rx1Day
(wettest day for each year) and R95p (Fig. 6¢c—f). The spa-
tial patterns of change for the extremes are well-reproduced
in the DM-corrected output compared to the original model
data. Notably, slight differences are observed in the north-
western domain (Fig. 6¢ and e), where the DM-correction
projects a slightly stronger increase in extreme events under
SSP5-8.5. A slight increase in extremes aligns with the diffu-
sion model’s bias correction capabilities, reflecting its role in
addressing the known under-representation of extreme pre-
cipitation in the original GFDL simulations.

Furthermore, we demonstrate that our conditionally
trained diffusion model generalizes robustly to unseen future
emission scenarios by accurately preserving regional precipi-
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tation trends without requiring retraining. We analyze the full
annual mean precipitation timeseries from 2015 to 2100 over
two representative regions, one exhibiting a strong negative
trend and one with a pronounced positive trend (Fig. S21).
For each region, we compare the annual mean precipitation
from the original GFDL SSP5-8.5 data at 1° with the DM-
corrected output at 0.25° resolution. The diffusion model
consistently preserves the direction and magnitude of the
trends found in the original GFDL data across the entire
timeseries, for both the negative (Fig. S21, blue) and positive
trend (Fig. S21, red) regions. This demonstrates the model’s
ability to maintain physically meaningful long-term changes
in precipitation, further supporting its generalization capabil-
ity to future scenarios. Note that the absolute values do not
have to coincide, as our model corrects the bias and hence
the numerical values. Our model can generalize to unseen
climates, preserving the trends, since there is no decrease in
performance during inference on GFDL SSP5-8.5 data. Note
that our set-up generalized to unseen climate scenarios with-
out any external constraints. The reason why our model pre-
serves trends well is likely given by the fact that the trend is
dominated by the large-scale patterns and our model learned
to rely on the large-scale patterns of the condition and only
generates small-scale patterns.

3 Discussion

We introduced a framework based on generative machine
learning that allows both bias correction and downscaling
of Earth system model fields with a single diffusion model.
We achieve this by first mapping observational fields and
ESM data to a shared embedding space and then applying
the learned inverse of the observation embedding transforma-
tion to the embedded ESM fields. We learn the inverse trans-
formation with a conditional diffusion model. Although the
underlying observational and ESM fields are unpaired, our
framework allows for training on paired data (between obser-
vations and embedded observations, see above) and therefore
any supervised machine learning method can be adopted to
the task, which allows for more flexibility. Supervised meth-
ods are often superior in performance and more natural for
the downscaling application. The diffusion model is trained
on individual samples and has successfully learned to repro-
duce the statistics of observational data. For the observational
ground truth, we chose the ERAS reanalysis, and for the ESM
data to be corrected and downscaled, we chose fields from
GFDL-ESM4.

We demonstrated our framework’s robustness and general-
izability in two additional experiments (Sect. 2.2). When ap-
plying the model to a new geographical region in South Asia
with the same ESM, the DM requires retraining to adapt to
the new regional characteristics. In contrast, when applying
the framework to an entirely different ESM (MPI-ESM) over
the South American region, the core DM did not need to be
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Figure 6. Comparison of relative climate change signals. We compute the relative climate change signal between the late 21st century
(2081-2100) under the GFDL SSP5-8.5 scenario and the historical GFDL period (1995-2014). In (a) and (b), we show that our diffusion
model successfully preserves the mean precipitation climate change signal in the downscaled 0.25° GFDL fields, matching the change of
the original 1° GFDL data. Positive values (red) indicate an intensification of precipitation, while negative values (blue) indicate reductions.
In (¢, d) and (e, f) we evaluate how well the DM-correction preserves the climate change signal for extreme events in historical and future
scenarios. Both the Rx1Day (c, d) as well as R95p in (e, f) show that the DM-downscaling does preserve the climate change signal for
extreme events. There are only slight differences over the north western part of our fields, where the DM-correction predicts more slightly
more extremes for the SSP5-8.5 scenario. This is in line with the bias correction capabilities of the DM, correcting the under-representation
of extreme precipitation in the original GFDL data.
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retrained since the same noising scale hyperparameter could
be used. For different ESMs a new noising scale hyperparam-
eter could be necessary, requiring retraining of our DM with
a different noising scale; however this depends on the choice
of the spatial scale below which bias correction is desired,
and for comparable outputs, we recommend to keep the nois-
ing scale s fixed for different ESMs. For example, to correct
multiple ESMs at once, one can use the most heavily biased
model to select the noising scale. A single diffusion model
can then be trained to correct all ESMs at once, saving signif-
icant computational resources during inference. In general,
we expect that many ESMs (like the MPI and GFDL model
we use) will have similar spatial scales up to which they can
capture realistic spatial precipitation features, because they
have a similar resolution and have similar limitations from
parameterization schemes. In all cases, readjusting the com-
putationally inexpensive Quantile Delta Mapping (QDM) is
a required step in the embedding process. The results will
also depend on the specific quantile mapping scheme, QDM
is chosen to preserve trends.

Our diffusion model corrects small-scale biases of the
ESM fields, while completely preserving the large-scale
structures, which is key for impact assessments, especially
with regard to extremes and local impacts in terms of floods
or landslides. The diffusion model performs particularly well
for extreme events where traditional methods struggle. The
method improves the temporal precipitation distribution at
the grid cell level and surpasses the state-of-the-art approach
(quantile mapping) in correcting spatial patterns. The down-
scaling performance has also been shown to be excellent. The
diffusion model manages to generate small-scale details for
the low resolution ESM data, that match those of high resolu-
tion observations. Our model preserves relevant information
from the large scales, such as trends and extremes, and gener-
ates bias corrected and downscaled precipitation fields with
adequate uncertainties.

We show that our method is robust in the out-of-
distribution setting of downscaling and bias-correcting the
SSP5-8.5 future emission scenario. It is critical for impact
assessments that our model is able to accurately preserve the
climate change signal of the original SSP5-8.5 data.

A key innovation of our approach is the embedding strat-
egy, which makes the training process independent of the
source ESM (apart from a single data-dependent hyperpa-
rameter setting the spatial scale below which the fields are
corrected), which not only allows the framework to be flex-
ibly applied to downscale and bias-correct a wide range of
ESMs but also allows it to be used with different state-of-
the-art machine learning backbone models. Another key ad-
vantage of our framework is its data efficiency. In our condi-
tional approach the model only needs to learn how to gener-
ate small-scale features given the large-scale ones. The task is
considerably less demanding than that of unconditional mod-
els (Hess et al., 2025), which must learn the entire data dis-
tribution from scratch during training. This data efficiency
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makes our method applicable to datasets with shorter record
lengths than ERAS, such as newer observational products.

Indeed, comparing results for generated climatologies be-
tween our conditional DM and the unconditional consistency
model (CM) by Hess et al. (2025), it becomes apparent that
the CM struggles to learn the target distribution accurately,
leading to blurring (Fig. S2) that would hinder applications
for impact assessments.

Our method is not specific to ERAS and GFDL because
the training of the diffusion model does not directly depend
on the ESM choice. A specific ESM choice will only mod-
ify a hyperparameter in the embedding transformations f
and g. This, however, requires almost no fine-tuning, as the
temporal frequencies can always be matched with quantile
mapping. The only parameter that might change for different
datasets and use cases is the amount of noise that is added to
the observational and ESM datasets. We choose the amount
of noise such that the PSDs of the observational ground truth
and the ESM fields align beyond a certain scale. This means
that we have complete flexibility in deciding which patterns
we want to preserve and which we want to correct. This is a
major advantage over existing GAN based approaches.

We can decrease the level of detail that is preserved by
the diffusion model through increasing the amount of noise
added in the transformations f and g. The amount of noise
added is directly proportional to the freedom the diffusion
model has in generating diverse outputs and inversely pro-
portional to the model’s ability to preserve large-scale pat-
terns.

The downscaled and bias corrected fields will automati-
cally inherit time consistency between different samples up
to the noising scale. This means that ESM fields showing
two successive days will still look like two successive days
after the correction. Future work could build a video diffu-
sion model that inputs and outputs full time series instead of
single frames, in order to guarantee time consistency across
all scales.

We focused on precipitation data over the South American
continent, because of its heavily tailed distribution and the
pronounced spatial intermittency. Especially at small scales,
precipitation data is extremely challenging to model and
therefore serves as a reasonable choice to show the frame-
work’s capabilities in a particularly difficult setting. Regional
data is chosen due to computational constraints, yet the di-
verse terrain of our study region, encompassing land, sea,
and a wide range of altitudes, enables robust testing of the
downscaling and bias correction performance, also given the
substantial biases of the GFDL model in this region. We also
conducted additional experiments for another region over
South Asia, and using another ESM, namely the MPI-ESM-
HR, in order to confirm the generality of our approach. The
extension to global scales is straightforward and requires no
major changes in the architecture. We intend to include more
variables in a consistent manner on a global scale in future re-
search. Optimizing the inference strategy, with speedup tech-
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niques such as distillation (Luhman and Luhman, 2021), to
decrease the sampling time will prove helpful in this con-
text. As for any ML model, the ability to generate the rarest
extremes is limited by their frequency in the training data.
Our conditional approach helps mitigate this to some extent
by inheriting the large-scale patterns for these events directly
from the ESM.

It is straightforward to extend our methodology to down-
scaling and bias correction of numerical or data-driven
weather predictions on short- to medium-range or even sea-
sonal temporal scales. This would not require any fundamen-
tal changes to the architecture. This would, however, require
a target dataset with sufficiently high resolution. The ability
of the diffusion model to not disturb the temporal consistency
between samples can be useful in this scenario. Future work
could then focus on extending this model to a multivariate
setting, which would be essential for weather prediction and
for assessing physical consistency between variables.

4 Materials and methods
4.1 Data

For the study region, we focus on the South American con-
tinent and the surrounding oceans. Specifically, the targeted
area spans from latitude 0°N to 63°S and from longitude
—90° W to —27° E. For the ablation study of the South Asian
region, we selected an area from 0.75 to 64.5° N latitude and
from 42 to 105.75°E longitude. The training period com-
prises ERAS data from 1 January 1992 to 1 January 2011.
The range of years included for the evaluation on ERAS and
GFDL spans from 2 January 2011 to 1 December 2014. Ad-
ditionally, an extended 20-year window (1995-2014) is used
for analyses requiring greater statistical robustness.

ERAS

ERAS5 (Hersbach et al.,, 2020) is a state-of-the-art atmo-
spheric reanalysis dataset provided by the European Center
for Medium-Range Weather Forecasting (ECMWF). Reanal-
ysis refers to the process of combining observations from
various sources, such as weather stations, satellites, and other
instruments, with a numerical weather model to create a con-
tinuous and comprehensive representation of the Earth’s at-
mosphere. We use the daily total precipitation data at 0.25°
horizontal resolution as the target for the diffusion model.

GFDL

The climate model output is taken from a state-of-the-art
ESM from Phase 6 of the Coupled Model Intercomparison
Project (CMIP6), namely GFDL-ESM4 (Dunne et al., 2020).
We abbreviate the model with GFDL throughout the paper.
The dataset contains daily precipitation data of the first en-
semble member (rlilp1fl) of the historical simulation (esm-
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hist). The data is available from 1850 to 2014, at 1° latitu-
dinal and 1.25° longitudinal resolution and a daily temporal
resolution.

GFDL-ESM4 (Dunne et al., 2020) SSP5-8.5 represents a
high-emission future pathway. We use daily-resolution data
from the CMIP6 archive, provided at 1° latitude and 1.25°
longitude spatial resolution, covering the period from 2015
to 2100.

MPI

For our ablation study, we repeat our experiments for the
MPI-ESM HR model (Gutjahr et al., 2019). We abbreviate
MPI-ESM-HR with MPI in the paper. The data has 0.9375° x
0.9375° spatial resolution. We use daily data from 1992
to 2014 using data from 1992-2011 for training and 2011 to
2014 for inference.

Benchmark dataset

In order to benchmark our method, we first apply bilinear
interpolation to increase the resolution of the GFDL fields
from 1 to 0.25°. After that, we apply quantile delta mapping
(Cannon et al., 2015) to fit the upsampled GFDL data to the
original 0.25° ERAS data. QM is fitted on past observations
and can then be used to correct the statistics of any (past/pre-
sent) ESM field towards that reference period. We use quan-
tile delta mapping (QDM) and chose the ERAS training pe-
riod from 1 January 1992 to 1 January 2011 as the reference
period to fit the GFDL to ERAS. The benchmark dataset to
evaluate our approach is then constructed by applying QM
to the GFDL validation period (2 January 2011 to 1 Decem-
ber 2014). Some analyses required a longer evaluation period
(1995-2014). To create a fair benchmark for these specific
cases QDM was also recalibrated, it was both fitted and ap-
plied using data exclusively from this 1995-2014 window.
For the SSP5-8.5 data, we use the 1995 to 2014 period of
ERAS as reference data and the historical GFDL data as the
model input to fit the QDM. We then apply this mapping to
the full time period of the GFDL SSP5-8.5 data (2015-2100).

Data pre-processing

The units of the GFDL data and MPI data are kg m2s7 L,
and for ERA5 mh~!. For consistency, both are transformed
tommd~".

Our pre-processing pipeline consists of:

— Only GFDL: rescaling the original 1° x 1.25° GFDL
datato 1 x 1° (64 x 64 pixel).

— Only MPI: rescaling the original 0.9375° x 0.9375°
GFDL data to 1 x 1° (64 x 64 pixel).

- Add +1mmd~! precipitation to each value in order to
be able to apply a log-transformation to the data.
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— Apply the logarithm with base 10 in order to compress
the range of values.

— Standardize the data, i.e. subtract the mean and divide
by the standard deviation to facilitate training conver-
gence.

— Transform the data to the range [—1, 1] to facilitate the
convergence of the training.

An ablation study (Fig. S22) confirms the choice of our
precipitation pre-processing pipeline, showing that omitting
the log-transformation or the final range scaling leads to
spectral discrepancies or distributional biases. As part of the
transformation g, the 1° GFDL data is bilinearly upsampled.
This and the downsampling and upsampling of ERAS data,
which is part of f, are already done during pre-processing.
The downsampling of 0.25° ERAS5 data (256x256 pixel) to
1° (64 x 64 pixel) is done by only keeping every fourth pixel
in each field. For the just mentioned upsampling, we apply
bilinear interpolation to increase the resolution from 1 to
0.25°. Note that bilinear interpolation to 0.25° does not in-
crease the amount of information in the images compared to
the 1° fields. After preprocessing the data as described, the
embedding transformation f is applied. The diffusion model
is trained with the preprocessed f(ERAS) as a condition and
the original 0.25° ERAS data as a target. Before we apply
the embedding transformation g we first pre-process the 1°
GFDL data by applying quantile delta mapping (QDM, Can-
non et al., 2015) with 500 quantiles. The bilinear upsam-
pling is then used to increase the resolution to 0.25 x 0.25°
(256 x 256 pixels). The preprocessed data are used as input
to the embedding transformation g. The corresponding out-
put serves as the condition during the inference process of
the diffusion model

4.2 Embedding framework

Our framework introduces transformations f and g that map
OBS and ESM data to a shared embedding space f : V°* —
Ve and g : VO™ — Vemb The goal is to do bias correc-
tion and downscaling of ESM fields, i.e., to obtain samples
from the conditional distribution w = p(OBS|ESM). Train-
ing a conditional model to approximate this distribution di-
rectly is not possible because OBS and ESM are unpaired.
Therefore, we will train the model without the ESM data,
only using OBS data and utilize a trick to enable transfer
learning and inference on the ESM data. We apply transfor-
mations on ESM and OBS such that the resulting datasets
are similarly distributed and therefore allow for generaliza-
tion. The arrows in the diagram of Fig. 1 show that we
can represent the mapping that achieves the bias correction
and downscaling as w = f~! o g. Our idea is to approxi-
mate f~! with a neural network f~! ~ e. We chose a con-
ditional diffusion model (DM), denoted by the conditional
distribution p(OBS|f(OBS)), to approximate f -1 =DM:
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vemb s yobs The diffusion model (Fig. 1c) is only trained
on pairs (OBS, f(OBS)). The shared embedding space al-
lows us to evaluate the trained model on ESM embed-
dings p(OBS|g(ESM)), as all embeddings are identically
distributed.

Constructing the embedding space

The goal of f and g is to map OBS and ESM to a shared em-
bedding space, where f(OBS) and g(ESM) are identically
distributed (Fig. 1). To achieve this, both embedded datasets
need to be unbiased towards each other. OBS and ESM are
biased towards each other in terms of statistical biases be-
tween distributions and biases between small-scale patterns
visible in the spatial power spectral density (PSD) (Fig. S4a).

As mentioned earlier, the input for the embedding trans-
formation f is 0.25° ERAS data, which is first preprocessed,
then downsampled and upsampled. The input to the embed-
ding transformation g is the preprocessed and upsampled
0.25° GFDL data. By first downsampling ERAS to 1° and
then upsampling it to 0.25° we ensure that the fields match
the information content of the original 1° GFDL fields.

To remove small-scale pattern bias, we apply a noising
procedure analogous to the forward diffusion process as part
of f and g. Gaussian noise contains all frequencies in equal
measure and the Fourier transform of Gaussian noise is itself
Gaussian noise, so its power must be equal across all fre-
quencies in expectation. The power spectrum of pure Gaus-
sian noise corresponds to a horizontal line in the spectrum of
Fig. 2a, reflecting the fact that it contains all frequencies in
equal amounts. Adding noise to an image results in a hinge
shape in the PSD of the noisy images (Fig. 2a, c and d). In-
creasing the variance of the noise increases its power and, as
a result, its PSD will shift upward. Adding noise hence acts
as a low-pass filter, while the variance of the added noise de-
termines the cut-off frequency. Increasing variance leads to
higher cut-off points as the power of the noisy frequencies
increases. Both ERAS and GFDL data are noised up to the
cutoff frequency, denoted by s. The scale s is determined by
the point where ERAS and the ESM data (in our case GFDL)
start to disagree in their spatial PSDs (Fig. 2), i.e., the inter-
section between the two. Adding noise in this way ensures
that f(ERAS) is unbiased compared to g(GFDL) in the PSD
by erasing all information beneath s. In our implementation,
the transformations f and g utilize the same cosine scheduler
as the forward diffusion process to add Gaussian noise to the
data. ERAS data undergoes 50 noise steps within f, while
g applies the same 50 noise steps to the GFDL data. We en-
sure that the observational and ESM data have aligned dis-
tributions by incorporating Quantile Mapping (QM) directly
into the transformation g. It only needs to be included in g.
The quantile-mapped and bilinearly downscaled data is then
noised as described above, as part of the embedding trans-
formation. It is important to clarify that QM is not included
because the diffusion model is unable to do bias correction.
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QM is only used as a tool in our framework to ensure that in
the embedding space f(ERAS) and g(GFDL) are identically
distributed, such that g(GFDL) can be used for the inference
of the diffusion model.

Determining the noising scale

The choice of the spatial scale s influences up to which scale
we correct the spatial PSD. We note that the PSD shows spec-
tral distributions normalized to 1; therefore, we can still ob-
serve slight changes above s when small-scale patterns are
corrected. The point s is a hyperparameter chosen before
training and purely depends on the datasets ESM and OBS
and can be adjusted to the specific needs in a given context
and task.

In the extreme case, where s is maximal, the conditional
images will contain pure noise (Fig. 2a). In this case, the dif-
fusion model is equivalent to an unconditional model. As an
unconditional model, the diffusion model will correct all bi-
ases at all spatial scales, however, at the expense of com-
pletely losing any paring between the condition and the out-
put. We chose s to be at the intersection of the ERAS and
GFDL spectrum around 512 km (Fig. 2b). Thereby, we trust
in the ESM’s ability to model large-scale structures above the
point s, which we do not want to correct with the diffusion
model.

4.3 Network architecture and training

The general architecture of our diffusion model DM consists
of a Denoising Diffusion Probabilistic Model (DDPM) ar-
chitecture (Ho et al., 2020) conditioned on low resolution
images. For details about diffusion models and conditional
diffusion models, see Sect. S1.1 and S1.2 in the Supplement.
We employ current state-of-the-art techniques to facilitate
faster convergence and find the following to be important for
convergence and sample quality (Saharia et al., 2022b): The
memory efficient architecture, “Efficient U-Net”, in combi-
nation with dynamic clipping and noise conditioning aug-
mentation (Ho et al., 2022) turned out to be effective for
our relatively small dataset. We adopt the Min-SNR (Hang
et al., 2023) formulation to weight the loss terms of different
timesteps based on the clamped signal-to-noise ratios. The
diffusion model architecture utilizes a cosine schedule for
noising the target data and a linear schedule for the condition
during noise condition augmentation with 100 steps each.
The diffusion model is trained to do v-prediction. The U-
Net follows the 64 x 64 — 256 x 256 Efficient U-Net archi-
tecture (Saharia et al., 2022b). The diffusion model has ap-
proximately 730 million trainable parameters and is trained
for 100 epochs using the ADAM optimizer (Kingma and Ba,
2015) with a batch size of 2 and a learning rate of 1 x 1074,
Note that in the case of Fig. S4, where the inference data is
also embedded OBS data and there is no ESM data present,
the model performs better when being trained and evalu-
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ated with 1000 denoising steps, instead of the 100 steps that
we used in all our experiments that include ESM data. The
model with 100 steps is superior in training and inference
speed and also in correcting the histograms, when correcting
ESM data. We also compared the effect of not adding noise
(Sect. S2.1) and the effect of not applying QM (Sect. S2.3)
as shown in Figs. S23-S27, as well as different noise choices
(Sect. S2.2, Fig. S28) during both training and inference.

Code availability. The code is available on GitHub (https://github.
com/aim56009/ESM _cdifffusion_downscaling_bc.git) and Zenodo
(https://doi.org/10.5281/zenodo.18368891, Aich, 2026). The model
weights are available at https://doi.org/10.5281/zenodo.18069119
(Aich, 2025).

Data availability. All data needed to evaluate the conclusions in
the paper are present in the paper and the Supplement. The
ERAS reanalysis data is available for download at the Copernicus
Climate Change Service (https://doi.org/10.24381/cds.adbb2d47,
Hersbach et al., 2023). The CMIP6 GFDL-ESM4 is available
at https://doi.org/10.22033/ESGF/CMIP6.8597 (Krasting et al.,
2018).

Supplement. The supplement related to this article is available on-
line at https://doi.org/10.5194/gmd-19-1791-2026-supplement.
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