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Abstract
Improving the representation of precipitation in Earth system models (ESMs) is critical for assessing the impacts of cli-
mate change and especially of extreme events like floods and droughts. In existing ESMs, precipitation is not resolved 
explicitly, but represented by parameterizations. These typically rely on resolving approximated but computationally 
expensive column-based physics, not accounting for interactions between locations. They struggle to capture fine-scale 
precipitation processes and introduce systematic biases. We present a novel approach, based on generative machine learn-
ing, which combines a conditional diffusion model with a regression model to generate accurate, high-resolution (0.25◦) 
global daily precipitation fields from a small set of prognostic atmospheric variables. Unlike traditional parameterizations, 
our framework efficiently produces ensemble predictions, capturing uncertainties in precipitation, and does not require 
fine-tuning by hand. We train our model on the ERA5 reanalysis and present a method that allows us to apply it to unseen 
ESM data across different climate scenarios, enabling fast probabilistic generation of precipitation fields. By leveraging 
interactions between global prognostic variables, our approach provides an alternative parameterization approach that miti-
gates biases present in the ESM precipitation while maintaining consistency with its large-scale (annual) trends. This work 
demonstrates that complex precipitation patterns can be learned directly from large-scale atmospheric variables, offering a 
computationally efficient method to obtain high-resolution precipitation without the cost of running the dynamical model 
at such high resolution.
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impacts on the Earth system and society. Accurate high-
resolution precipitation simulations are important for man-
aging the risks of extreme precipitation events by guiding 
adaptation and risk mitigation measures.

However, simulating precipitation accurately at global 
scales is difficult because of the wide range of physical 
processes involved, from microphysics at the cloud scale 
to large-scale dynamics of the atmosphere. Earth sys-
tem model simulations are still extremely expensive and 
time consuming to run, as they need to numerically solve 
complex partial differential equations describing those 
processes. This greatly restricts the ability to create large 
ensemble projections for different climate change scenarios 
for the next century.

ESMs represent precipitation as a diagnostic variable 
that is computed from the dynamically resolved prognos-
tic atmospheric variables. ESMs need to approximate the 
atmospheric circulation on discretized grids with often 
coarse spatial resolution. This leads to problems in correctly 
resolving small-scale dynamics that are important for infer-
ring precipitation. Precipitation is a highly complex process 

1  Introduction

Heavy precipitation events will increase in frequency and 
magnitude in response to global warming (Lee et al. 2023; 
Prein et  al. 2017). Extreme precipitation amplifies flood 
risks and leads to significant infrastructure, economic, and 
ecological damages (Davenport et al. 2021). Earth system 
models (ESMs) are used to simulate precipitation in current 
and future scenarios to help us understand changes and their 
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and can not be directly resolved by the ESM, but has to be 
parameterized. Parameterizations are simplified representa-
tions of the subgrid-scale processes that cannot be explic-
itly resolved due to computational constraints. At each time 
step, the ESM solves the atmospheric dynamics and applies 
parameterizations to account for subgrid-scale processes 
like convection and precipitation, updates the atmospheric 
state, and proceeds to the next step. Traditional parameter-
ization schemes are often column-based, treating each ESM 
grid column independently. While this approach is well-
justified for many sub-grid processes (Arakawa 2004), it is 
a simplification that can struggle with processes that depend 
on horizontal context. For example, neglecting feedback 
between neighboring columns makes it difficult to capture 
mesoscale convective organization (Rio et al. 2019). Addi-
tionally, the assumed timescales for convection closure can 
introduce further discrepancies, as convective processes in 
reality operate on a continuum of timescales that are not 
well represented in simple quasi-equilibrium closures (Rio 
et al. 2019). This can introduce systematic biases, leading 
to over- or underestimation of precipitation intensity and 
is especially problematic for the ESMs’ ability to represent 
extreme events. The bias is often particularly pronounced 
in the tropics, a prominent example being the double Inter-
tropical Convergence Zone (ITCZ) bias (Hwang and Frier-
son 2013), where models produce excessive precipitation in 
the southern tropics.

We must distinguish between different small-scale pro-
cesses. Cloud microphysics (e.g. drop nucleation or coales-
cence), which occur at the micrometer scale, will effectively 
never be directly resolved in global models. Convection, 
however, could theoretically be resolved with sufficiently 
fine grid spacing (e.g. in cloud-resolving models), but doing 
so for large ensembles at the global scale remains computa-
tionally out of reach for the near future due to the prohibitive 
computational cost associated with such high resolution. 
Furthermore, many parameterizations are formulated as 
heuristic equations that may miss key processes and may 
be to some extent structurally inadequate (Schneider et al. 
2017). Parameterizations rely on subjective parameter cali-
bration choices, guided by observed climatologies (Hourdin 
et al. 2023). This limits their ability to generalize to chang-
ing climate conditions (Bordoni et al. 2025) and can create 
inter-model disagreements (Schneider et al. 2017).

The combination of coarse spatial discretization, simplifi-
cations like treating grid columns independently, inadequate 
functional forms in parameterizations, and subjective tuning 
all contribute to persistent biases in ESM-simulated precipi-
tation. This makes impact assessments and water resource 
and flood management, which require precise spatial data 
at high resolution (Gutmann et  al. 2014), extremely chal-
lenging. Also, ensembles of high-resolution precipitation 

projections are imperative for impact assessments but are 
currently not available due to computational limitations 
(Bordoni et al. 2025).

Recent studies have shown remarkable success utiliz-
ing deep learning (DL) models for weather-forecasting 
(Bi et  al. 2023; Price et  al. 2025; Lam et  al. 2023; Bod-
nar et al. 2024; Chantry et al. 2025) and long-term climate 
simulations (Watt-Meyer et al. 2023). Generative machine 
learning (ML) methods have been applied for downscaling, 
bias correction and forecasting tasks, adding the ability to 
produce ensembles that reflect intrinsic variability (Price 
et  al. 2025; Aich et  al. 2025; Hess et al. 2025; Addison 
et al. 2022; Hess et al. 2022). Most prominent are genera-
tive adversarial networks (GANs) (Goodfellow et al. 2020) 
and more recently diffusion models (Ho et al. 2020). GANs 
were among the first generative machine learning methods 
that were successfully applied to weather and climate data 
(Harris et al. 2022; Leinonen et al. 2020). Diffusion models 
(DMs) have in recent years often been preferred over GANs 
because their training is more stable and converges more 
easily. Also, GANs are prone to suffer from mode collapse, 
an issue where they are not able to approximate the full dis-
tribution, another area where DMs are superior.

There have been efforts using deep learning to replace 
traditional column-based physical parameterizations in 
atmospheric models, while preserving the column structure 
(Rasp et al. 2018; Gentine et al. 2018; Yuval and O’Gorman 
2020). In such approaches, more accurate but expensive 
simulations (e.g. cloud-resolving or large-eddy simulations) 
serve as training data, capturing small-scale processes that 
standard parameterizations approximate. Neural networks 
are then trained to emulate the complex subgrid-scale 
physics for much less computational cost. For instance, 
in ClimSim (Yu et  al. 2023) each atmospheric column 
can be treated as an independent regression task, mapping 
one-dimensional state variables to one-dimensional sub-
grid-scale tendencies. Despite promising results, a central 
limitation is that as these methods are trained on simulations 
they inherit biases present in them. As the neural network 
training is performed under specific climate conditions, 
deep-learning-based parameterizations may struggle to gen-
eralize to changing climate states in decadal to centennial 
projections. As the simulations are very expensive, there 
is limited training data, which can hurt the generalization 
performance of data-hungry state-of-the-art DL methods. A 
recent approach (Kochkov et al. 2024) combined a fully dif-
ferentiable dynamical core with a neural network to emulate 
small-scale processes in a hybrid model setup designed for 
weather prediction. In a follow up work the authors intro-
duce an additional neural network that infers precipitation 
rate from the atmospheric column state for a 2.8◦ grid spac-
ing of satellite-based precipitation (Yuval et al. 2024).    
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We propose an alternative to column-based parameteriza-
tions, a probabilistic ML-based model that directly predicts 
high-resolution precipitation from low-resolution global 
atmospheric fields. A notable difference to column-based 
methods is that ML-based models can act at global scales 
to capture spatial interactions between various locations 
and also between different variables. Our model is trained 
exclusively on the ERA5 reanalysis, which integrates a 
wide range of observational data through advanced data 
assimilation techniques within a high-resolution numerical 
weather prediction model. This eliminates the need for emu-
lating expensive small-scale simulations, such as those from 
nested cloud resolving models. Additionally, our proposed 
approach can also operate as a post-processing tool to derive 
refined precipitation fields from the atmospheric state once 
an ESM run has concluded.

We present a two-stage ML framework that operates on a 
small set of global two-dimensional atmospheric variables, 
rather than on individual columns, to produce high-resolu-
tion daily precipitation at 0.25◦ (for a schematic overview 

see Fig. 1). Our goal is to show that such a framework can 
serve as a computationally efficient, probabilistic alterna-
tive for modeling precipitation, one that can reduce biases 
and capture realistic fine-scale spatial patterns. While our 
model is not intended as an operational replacement for 
fully coupled three-dimensional parameterizations, it serves 
as a proof-of-concept demonstrating the potential of spa-
tially aware generative machine learning to perform the 
role of column-based precipitation parameterizations while 
addressing key structural limitations of traditional schemes. 

 2  Methods

Our framework consists of a two-stage deep learning pipe-
line: (1) a deterministic regression model to estimate 1◦ 
precipitation from 1◦ atmospheric variables and (2) a condi-
tional diffusion model (DM) to perform bias correction and 
probabilistic downscaling from 1◦ to 0.25◦ (Fig. 1). Both 
models are trained exclusively on ERA5 reanalysis data. At 

Fig. 1  Schematic overview of our 
two-stage approach for generating 
high-resolution global precipita-
tion from atmospheric variables. 
1) Deterministic UNet regression 
model. We first train a regression 
model to learn the mapping from 
four atmospheric variables at 1◦ 
resolution (specific humidity at 
850 hPa, near-surface eastward 
and northward wind components at 
10 m, and sea-level pressure) to 1◦ 
precipitation. During training, both 
the inputs and the precipitation tar-
gets come from ERA5 reanalysis. 
2) Generative diffusion model. We 
train a conditional diffusion model 
to generate high-resolution (0.25◦

) precipitation fields, conditioned 
on coarse precipitation fields. 
To create this training condition, 
we interpolate ERA5 fields from 
0.25◦ to 1◦ and inject noise. The 
diffusion model is trained to restore 
small-scale spatial patterns of the 
high-resolution ERA5 precipita-
tion target. At inference we take 
atmospheric variables from the 
ESM and apply the trained UNet 
regression model to generate a 1◦ 
deterministic precipitation esti-
mate. Before we use this estimate 
as a condition for our DM, we 
apply quantile delta mapping. The 
diffusion model is then conditioned 
on noisy quantile mapped precipi-
tation estimates
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inference we apply the trained models to ESM data, with 
specific domain adaptation steps (quantile delta mapping 
(QDM) and adding noise) to bridge the gap between the 
reanalysis and ESM data distributions.

2.1  Datasets and pre-processing

2.1.1  Datasets

ERA5: ERA5 (Hersbach et  al. 2020) is a state-of-the-art 
atmospheric reanalysis dataset provided by the European 
Center for Medium-Range Weather Forecasting (ECMWF). 
We use ERA5 for training both of our models. The train-
ing period is 1980-01-01 to 2018-05-02, with 2018-05-03 to 
2020-07-09 used for validation.

GFDL-ESM4: For inference, we use data from the 
GFDL-ESM4 model (Dunne et al. 2020), developed by the 
NOAA Geophysical Fluid Dynamics Laboratory (GFDL). 
GFDL-ESM4 is a member of Phase 6 of the Coupled Model 
Intercomparison Project (CMIP6). We use the historical 
period (1970-01-01 to 2014-12-31) and the SSP3−7.0 sce-
nario (O’Neill et al. 2016) (2015-01-01 to 2100-12-31). For 
simplicity, we refer to the GFDL-ESM4 model output as 
GFDL from now on.

MPI-ESM: We also evaluate our framework on the MPI-
ESM-HR model (Müller et al. 2018). We use daily data at 
a spatial resolution of 0.9375◦ × 0.9375◦, spanning from 
1970-01-01 to 2014-12-31. For simplicity, we will from 
now on refer to the MPI-ESM-HR data as MPI.

2.1.2  Data pre-processing

We use four prognostic variables on daily-resolution as 
model inputs: specific humidity at 850 hPa, eastward (U) 
and northward (V) wind components at 10 m, and mean sea 
level pressure (MSLP). The target variable is daily total pre-
cipitation in mm/day. We pre-process the data prior to the 
train/test split:

	● GFDL data is bi-linearly interpolated from its native 
1◦ × 1.25◦ grid to a 1◦ × 1◦ grid.

	● MPI data is bi-linearly interpolated from its native 
0.9375◦ × 0.9375◦ grid to a 1◦ × 1◦ grid.

	● For precipitation we first add +1 mm/day to the data and 
then apply a log-transformation (following Hess et al. 
(2025)).

	● All variables are projected to the range [− 1, 1] to stabi-
lize training.

	● High-resolution (0.25◦) ERA5 data is bi-linearly inter-
polated to 1◦ (cdo command "remapbil") to create target 
data for training the regression model.

2.2  Stage 1: Deterministic regression model

Objective: The training objective is to learn a mapping from 
1◦ daily atmospheric variables to 1◦ daily precipitation.

Architecture: We use the memory-efficient UNet archi-
tecture (Saharia et al. 2022). Specifically, the UNet has four 
input channels, one channel per atmospheric variable, and 
one output channel for precipitation. We increase the fea-
ture dimension across four downsampling stages using mul-
tipliers of (1,2,2,2), incorporating a ResNet (He et al. 2016) 
block at each stage, and include only a single bottleneck 
attention layer to keep computational demand minimal. 
This progressively reduces the spatial resolution to capture 
larger-scale patterns, while simultaneously increasing the 
number of feature channels. The model has approximately 
24 million parameters. Training and inference were per-
formed on a single Nvidia H100 GPU with 80 GB of RAM.

Training: The model is trained on ERA5 data for 2000 
epochs with the Adam optimizer (Kingma et  al. 2015), 
using a learning rate of 1e−4. Training for one epoch takes 
around 3 min, while inference of 1 field takes around 9 ms. 
The 1◦ input data (180 × 360 grid cells) is padded (zero-
padding) to 192 × 368 grid cells to be compatible with the 
UNet’s downsampling blocks. After doing inference with 
our model, we index the precipitation output over the origi-
nal 180 × 360 grid cells ERA5 domain. The padding and 
cropping is a purely technical choice that does not introduce 
artifacts at the prime meridian.

2.3  Stage 2: Probabilistic diffusion model

Objective: The model learns to generate high-resolution 
(0.25◦) precipitation fields, conditioned on a low-resolution 
(1◦) precipitation field.

Architecture: We use a Denoising Diffusion Probabilis-
tic Model (DDPM) (Ho et al. 2020) built upon the Efficient 
UNet architecture (Saharia et al. 2022), downscaling from 
a 180 × 360 grid cell condition to a 720 × 1440 grid cells 
output. The diffusion model architecture utilizes a cosine 
schedule for noising the target data and a linear schedule 
for the condition during noise condition augmentation. The 
model has approximately 17 million parameters. Training 
and inference were performed on a single Nvidia H100 
GPU with 80 GB of RAM.

Training: The model is trained for 1100 epochs with 
the Adam optimizer, a batch size of 1, a learning rate of 
1e−4, and 1000 noising steps. Training for one epoch takes 
around 44 min, while inference of 1 field takes around 2 s. 
The diffusion model is trained only on ERA5 data. The 1◦ 
precipitation fields that serve as the condition are now bi-
linearly interpolated to 0.25◦ to match the grid cell count 
(720 × 1440 grid cells) of the 0.25◦ precipitation target. To 
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match the data distribution expected during inference, we 
add a fixed level of Gaussian noise to the 1◦ ERA5 con-
dition during training (Sect.  2.4). We add Gaussian white 
noise that is independent for every grid cell following the 
forward process of the diffusion model. The added noise 
corrupts small-scale information in the condition. There is 
a direct relationship between the magnitude of the added 
noise and the spatial scales that are corrupted by the noise. 
Adding more noise (noise with larger amplitude) replaces 
the original information with noise up to larger spatial 
scales, which can be seen in a power spectral density (PSD) 
plot (Aich et  al. 2025; Hess et al. 2025). The DM learns 
to extract large-scale information that is unaffected by the 
noise and use this information to constrain its conditional 
generation task. The DM learns to generate the small-scale 
patterns (which we replaced with noise) in accordance to 
the large-scale spatial patterns that are unaffected by the 
noise. The model learns to extract large-scale information 
from the condition, which is helpful for generating the high-
resolution target (as it shares the large-scale patterns with 
the condition).

2.4  Inference pipeline and domain adaptation

At inference, the goal is to predict precipitation from the 
atmospheric variables of an ESM. This is a domain adapta-
tion task, as ESM data is biased compared to ERA5 and 
the train and inference data distributions are not identi-
cally distributed. It is crucial to the ML model’s general-
ization performance that training data and inference data 
are approximately independent and identically distributed 
(i.i.d.). Our inference pipeline enables the trained ML model 
to predict precipitation using atmospheric variables from an 
ESM simulation, rather than the ERA5 data used during 
training.

2.4.1  Stage 1 inference and large-scale bias correction

First, the pre-processed 1◦ GFDL atmospheric variables are 
fed into the trained regression model, producing a deter-
ministic 1◦ precipitation estimate. This precipitation esti-
mate inherits systematic biases from the GFDL inputs. To 
correct these large-scale biases, we apply computationally 
efficient quantile delta mapping (Cannon et  al. 2015) to 
the precipitation output. We fit QDM using the historical 
period (1980–2014) by mapping the UNet regression out-
put (from historical GFDL atmospheric variables) to the 1◦ 
ERA5 precipitation. This learned correction is then applied 
to the UNet predictions for both the historical period and the 
future scenarios (2015–2100). The QDM-corrected 1◦ fields 
serve as the input for the next stage.

2.4.2  Stage 2 inference and small-scale distribution 
matching

The 1◦ QDM-corrected precipitation estimate is bi-linearly 
interpolated to 720 × 1440 grid cells to match the training 
setup. These fields, however, lack the realistic small-scale 
variability of reanalysis data. Because of that, the diffusion 
model's training and inference data distributions do not 
match. 

To resolve this, we apply the same amount of noise as 
used during training (Sect.  2.3) to the regression models’ 
interpolated precipitation output. Adding noise with the 
same magnitude as in training removes the smooth, biased 
small-scale patterns from the regression output and replaces 
them with noise. After applying quantile delta mapping, 
bilinear interpolation and adding the correct amount of 
noise to the regression model’s precipitation estimate, the 
data distribution approximately matches the DM’s train-
ing condition. The amount of noise that is added is chosen 
before training the diffusion model and represents a hyper-
parameter. To select this magnitude, we analyze the power 
spectra intersection of the regression output (bi-linearly 
interpolated to  0.25◦) and the ERA5 fields (interpolated 
to 1◦ and then bi-linearly interpolated back to 0.25◦). We 
look at the intersection for the bi-linearly interpolated 1◦ 
regression output and bi-linearly interpolated 1◦ ERA5 
because the diffusion model internally interpolates the low-
resolution conditioning input to the target resolution before 
generating high-frequency details. Even after quantile delta 
mapping, the regression model output and ERA5 fields will 
align only until a certain threshold scale in the spatial power 
spectrum, which we call s. We call the spatial scales that 
are above this point (around 900 km) large scales and the 
spatial scales below s small scales. The choice of s deter-
mines which spatial scales and therefore which size of pre-
cipitation events we want to preserve and which we want 
to regenerate according to the ERA5 distribution. Regen-
erating small-scale patterns that were overlaid by noise is 
effectively a bias correction, as long as the spatial patterns 
are preserved. Without preservation of some patterns in the 
input it would just be unconditional ERA5 emulation. For a 
detailed description of the choice of s and how it solves this 
domain adaptation problem we refer to Aich et al. (2025).

Finally, after quantile delta mapping, bilinear interpola-
tion and noising, the regression model’s precipitation is fed 
into the trained diffusion model as a condition, which itera-
tively denoises a completely noisy (Gaussian) field. The dif-
fusion model regenerates ERA5-like, high-resolution (0.25◦

) small-scale patterns consistent with the bias-corrected 
large-scale structures of the condition. Our inference pipe-
line takes four atmospheric ESM inputs as condition to gen-
erate precipitation fields at a higher spatial resolution while 
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simultaneously mitigating ESM biases. At inference, we use 
100 noising steps (down from 1000 in training) which mas-
sively reduces inference time.

3  Results

To generate our results, we apply the two-stage inference 
framework detailed in Sect.  2. First, the UNet regression 
model estimates 1◦ precipitation from GFDL atmospheric 
variables. We then apply quantile delta mapping (QDM) to 
these fields to correct systematic large-scale biases. Unless 
otherwise stated, results labeled as ’UNet’ or ’regression 
model’ always refer to this QDM-corrected regression 
model output. The conditional diffusion model then uses 
this estimate to generate bias-corrected, 0.25◦ high-reso-
lution ensembles. Visual inspection of representative snap-
shots (Fig. S1) confirms that the regression model matches 
the large-scale structure of the ERA5 validation ground 
truth well (Fig. S1A, B). The individual samples show that 
the DM preserves the large-scale structures (Figs. S1C, D, 
F & G) while generating plausible high-resolution details, 
confirming that the DM output is correctly conditioned on 
the atmospheric state.

3.1  Correction of spatial biases

The difference plots over 40 years (Fig. 2) reveal that GFDL 
(Fig.  2A) has by far the largest spatial bias, especially 
showcasing a strong double ITCZ bias, when compared to 
our regression model (Fig. 2B) and our DM (Fig. 2C). We 
aggregated both our DM and ERA5 data from 0.25◦ to 1◦ 
with average pooling for better comparability. The absolute 
climatologies (Fig. S2) further illustrate these discrepan-
cies. The relative differences are shown in Fig. S3. GFDL 
has the highest mean absolute bias of 0.561 mm/day. The 
UNet regression model, even after applying QDM, yields a 
mean absolute bias of 0.164 mm/day. The diffusion model 
further reduces this bias to 0.111 mm/day. The GFDL pre-
cipitation is heavily biased in the tropics, with substantial 
regional over- and underestimation compared to ERA5. We 
also compare the climatologies of ERA5 (Fig. S4A) and 
our DM precipitation (Fig. S4B) at 0.25◦ high resolution 
(GFDL is only available at 1◦). The climatologies over 40 
years are very similar and only show small differences (Fig. 
S4C). This is in line with the small mean absolute bias of 
0.136 mm/day. Our alternative precipitation estimates and 
in particular the DM exhibit substantially lower spatial 
biases compared to GFDL at 1◦. Our DM has also only a 
very small spatial bias at the finer 0.25◦ ERA5-resolution, 
where GFDL is not available.

Fig. 2  Comparison of model biases. The maps show the precipitation 
biases of A GFDL, B the QDM UNet regression model, and C the dif-
fusion model relative to ERA5. The difference map of GFDL shows 
pronounced bias in the tropical regions, including a double ITCZ. Our 
regression model already improves over GFDL, while the DM leads to 
further reduced deviations from ERA5 and the smallest mean absolute 
bias. Note that we interpolated ERA5 and the DM to 1◦ by applying 
average pooling for fair comparison to GFDL
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3.2  Improving precipitation statistics

The spatial power spectral density (PSD) shows that GFDL’s 
amplitude of variability on small spatial scales is substan-
tially reduced compared to ERA5 (Fig.  3A). The ESM 
produces blurry outputs lacking spatial variability at scales 
below 400 km. At scales between 100 km and 400 km, our 
regression model is aligned better with ERA5. Our DM can 
generate precipitation fields at 0.25◦ resolution that align 
well with the spatial spectrum of ERA5, demonstrating its 
ability to correctly model small-scale variability.

The histogram (Fig.  3B) shows that the 1◦ GFDL 
model overestimates precipitation between 25 mm/day and 
100 mm/day and underestimates precipitation greater than 

150 mm/day compared to 0.25◦ ERA5. Our 1◦ UNet regres-
sion model represents the precipitation more accurately, but 
also slightly underestimates the small but more frequent 
precipitation events with less than 25 mm/day. Our 0.25◦ 
DM performs best with only a very slight underestimation 
of extreme events with more than 150 mm/day, similar to 
the regression model. We confirm the statistical robust-
ness using a bootstrap analysis (Fig. S5). We performed 
the bootstrap analysis by resampling the 40 years of daily 
data with replacement 1000 times. For each resampled data-
set, we computed the precipitation histogram. The result-
ing aggregate histograms were used to calculate the 2.5th, 
50th, and 97.5th percentiles for each bin. The 95% confi-
dence intervals are generally narrow due to the large sample 

Fig. 3  Reproduction of the statistics of ERA5 at 0.25◦ resolution over 
40 years for the GFDL-ESM. A Mean spatial power spectral density 
(PSD). B Histogram indicating the precipitation frequencies. C Lon-
gitude profile, given by the data averaged over all latitudes, weighted 
by the cosine of latitude to account for the varying grid-cell area. D 

Latitude profile, given by the data averaged over all longitudes. For 
panels (B–C), we bi-linearly interpolate the GFDL and our regression 
model predictions of precipitation (orange/cyan) from 1◦ to 0.25◦ to 
compare them against the 0.25◦ ERA5 and DM fields
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size, becoming visible only at the extreme tails (>170 mm/
day) where event frequencies are low. Notably, the GFDL 
uncertainty envelope is wider than that of the DM or ERA5, 
because the coarser 1◦ resolution of GFDL yields fewer 
spatial data points compared to the 0.25◦ high-resolution 
references.

For the latitudinal and longitudinal mean comparisons 
(Fig. 3C and D), we bi-linearly interpolated the regression 
model and GFDL precipitation to 0.25◦. The plots show 
that both of our models align well with the ERA5 statistics, 
while GFDL sometimes strongly deviates, depending on 
the region. Because the regression model outputs are post-
processed with QDM, they match the ERA5 means almost 
perfectly. In contrast, the DM shows slight deviations as a 
result of its stochastic generative process, which prioritizes 
realistic spatial variability over perfect mean preservation. 
The differences between the DM, UNet and GFDL com-
pared to ERA5 are further highlighted in Fig. S6.

Furthermore, we demonstrate that our DM framework 
clearly outperforms a traditional statistical bias-correction 
and downscaling baseline (Fig. S7), especially in recover-
ing high-frequency spatial details. We further substantiated 
this by applying our pre-trained model to the MPI-ESM for 
inference without retraining. The results (Fig. S8) confirm 
that our approach is not limited to a specific ESM, recover-
ing missing small-scale details and improving the distribu-
tion of intermediate precipitation intensities compared to 
the raw MPI-ESM output (instead of GFDL).

3.3  Reproducing extreme events

To assess whether our diffusion model can adequately 
reproduce present-day climate extremes and adapt to unob-
served future conditions, we compare the R95p extreme 
precipitation index across historical and projected climates 
under SSP3−7.0 (Fig. 4). The R95p index is computed as 
the annual total precipitation from days exceeding the 95th 
percentile. We use this index to compare historical extreme 
precipitation of ERA5, our UNet regression model, GFDL 
and our DM (Fig. S9A–D).

During the historical period (1980–2005), GFDL exhib-
its pronounced biases in the mid-latitudes and tropics, 
including a double ITCZ bias, leading to an overestimation 
of extreme rainfall around the equator (Fig. 4A). Our ML 
models follow ERA5 closely, exhibiting smaller deviations 
in both spatial extent and magnitude. The DM in particular 
reduces the wet bias of GFDL, and is more closely aligned 
with ERA5. The reference period for the index computation 
is 1980–2020. To verify the robustness of these findings for 
rarer extremes, we also evaluated the R99.9p index (Fig. 
S10). The results confirm that the DM maintains its skill for 

higher percentiles, also correcting the tropical wet biases of 
the input while capturing the signal of future intensification.

We further evaluate extreme-event performance by 
comparing consecutive wet days (CWD) and consecutive 
dry days (CDD) during the historical period (1980-2005) 
against ERA5 (Fig. S11). The largest differences appear 
over the tropics, where pronounced convective precipita-
tion leads to larger deviations in CWD, and over subtropi-
cal regions where prolonged dry periods cause sizable shifts 
in CDD. Both our ML-based approaches, but especially the 
diffusion model, capture ERA5 patterns of CWD and CDD 
more accurately, clearly outperforming GFDL in represent-
ing CWD and CDD patterns.

3.4  Ensemble evaluation

A key strength of our generative DM approach compared to 
traditional deterministic column-based parameterizations is 
its ability to generate a diverse ensemble of possible, spa-
tially consistent high-resolution precipitation realizations 
for a given low-resolution condition. This accounts for the 
aleatoric uncertainty inherent in inferring fine-scale details 
from coarse variables.

It is critical to evaluate the probabilistic skill of our diffu-
sion model in the downscaling task. We investigate whether 
the uncertainty in a DM ensemble aligns with the inher-
ent uncertainty of downscaling the data from 1◦ to 0.25◦

. Note that the diffusion model also performs bias correc-
tion by regenerating small-scale variability. We condition 
our DM on a 1◦ bi-linearly interpolated noisy ERA5 vali-
dation year and evaluate the DM 50 times for each day in 
the year, resulting in a 50-member DM ensemble of one-
year trajectories. The downscaling ground truth will be the 
respective high-resolution ERA5 year. We compare the con-
tinuous ranked probability score (CRPS) of our 50-member 
DM downscaling with 1◦ ERA5 and the QDM-corrected 
1◦ regression model's output, both bi-linearly interpolated 
to 0.25◦. For this specific experiment, the QDM correction 
was fitted using the UNet output derived from coarse (1◦) 
ERA5 inputs to ensure a consistent evaluation.

This evaluation is conducted over a one-year period from 
the ERA5 validation dataset, starting on 2018-05-03. This 
comparison assesses how well the DM’s ensemble spread 
matches the inherent uncertainty. Our DM outperforms both 
deterministic baselines in terms of temporally averaged 
CRPS (Fig. 5). Note that for deterministic baselines, the 
CRPS reduces to the mean absolute error. The mean CRPS 
of our DM is the lowest at 0.56 mm/day, better than that of 
the ERA5 interpolated from 1◦ to 0.25◦ (0.73 mm/day) and 
the interpolated QDM-corrected prediction (1.42 mm/day). 
The baselines filter out the spatial variability between 0.25◦ 
and 1◦, while our DM is able to reconstruct it. The spatially 
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averaged CRPS (Fig. 5) also shows that our model has the 
best scores overall. The spread-skill relationship (calculated 
following Haynes et al. 2023) roughly follows the 1:1 line, 
indicating an accurate, well-calibrated representation of 
uncertainty (Fig. 5). For larger spreads the RMSE is slightly 
too low (underconfident). To verify that the diffusion model 
accurately captures large-scale precipitation patterns, we 
also evaluated performance at the 1◦ scale by interpolating 
the predictions (Fig. S12). The relative performance rank-
ing remains consistent with the high-resolution results. This 
confirms that the DM accurately captures large-scale struc-
tures while generating realistic small-scale variability.

3.5  Precipitation generation for climate projections

In the following, we apply our method to future climate pro-
jections. This is a challenging task, given that the underly-
ing data distribution shifts over time in response to changing 
climate conditions. A comparison between our regression 

model (bi-linearly interpolated to 0.25◦) and the diffusion 
model (Fig. S13) for SSP3−7.0 data between 2015–2100 
shows that our DM is still able to increase the spatial resolu-
tion of the precipitation predictions from 1◦ to 0.25◦ with 
ERA5-like large-scale patterns and small-scale deviations 
consistent with those observed in the historical period (Fig. 
S13A).

3.5.1  Trend preservation

We specifically tested the ability of our diffusion model to 
extrapolate to an unseen future climate scenario, namely 
SSP3−7.0, which projects relatively high greenhouse gas 
emissions and therefore increasing specific humidity. First, 
we initialize our regression model with the SSP3−7.0 atmo-
spheric variables and then apply quantile delta mapping. We 
find that the regression model predicts an increasing pre-
cipitation trend, probably driven largely by the higher spe-
cific humidity (Fig.  6 and Fig. S14). The spatial trend at 

Fig. 4  Evaluating extreme event coverage for historical and future 
scenarios. We compare the total precipitation from days exceeding 
the 95th percentile of daily rainfall (R95p). A–C: Bias in historical 
data (1980–2005). A GFDL bias (GFDL - ERA5), B UNet bias (UNet 
- ERA5 ), and C DM bias (DM - ERA5). ERA5 and the DM were 
interpolated to 1◦ to match the resolution of GFDL. Positive values 
(blue) indicate overestimation of extreme precipitation by the respec-
tive model, while negative values (red) indicate underestimation. The 
GFDL model exhibits strong wet biases in the tropics during the his-
torical period (A), whereas the DM and UNet models show reduced 

biases (B, C). Bottom row (D–F): Projected changes in R95p between 
the late 21st century (2075–2100, SSP3−7.0) and the historical period. 
D GFDL future change (future – historical), E UNet future change, and 
F DM future change. Positive values (blue) indicate an intensification 
of extreme precipitation, while negative values (red) indicate reduc-
tions. Under future warming, all models predict an increase in R95p 
over the tropics. While the UNet predicts the largest mean increase, 
the DM moderates this signal, resulting in a more conservative inten-
sification compared to GFDL. The area-weighted mean absolute error 
(A–C) and mean change (D–F) are indicated in the subplot titles
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each location (Fig. S15A–C) reveals that applying the DM 
on the QDM UNet precipitation preserves the spatial pat-
terns of the trend. While the spatial patterns are similar, the 
DM corrects the local structures and intensities. The spatial 
patterns of trends predicted by the regression model differ 
in sign from the GFDL projections in some regions. The 
spatially averaged annual mean trend reveals that the UNet 
regression model has a different annual mean precipitation 
and exhibits an overly large variance, resulting in too large 

trend. This high inter-annual variance is the direct result of 
a systematic spatial error in the daily fields, which is further 
amplified when QDM is applied to these overly smooth out-
puts. The regression model has to make predictions in an 
out-of-distribution scenario for future scenario GFDL fields 
and therefore produces fields with flawed spatial structures 
and unrealistic intensities. Quantile delta mapping cannot fix 
this problem entirely. While QDM can correct the long-term 
climatological average, by adjusting the mean precipitation, 

Fig. 5  Evaluation of the 50 DM ensemble members over one ERA5 
reference year. Temporally averaged continuous ranked probabil-
ity score (CRPS) (lower is better) for (A) applying our deterministic 
UNet, followed by QDM and then bi-linearly interpolating from 1◦ 

to 0.25◦, B our DM and C the bi-linearly interpolated determinis-
tic ERA5 baseline (from 1◦ to 0.25◦). D Spatially averaged CRPS. 
E Spread-skill plot. Following the 1:1 line indicates well-calibrated 
spread of the ensemble
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it cannot correct the flawed small scales. The DM, however, 
will generate correct small-scale information, reducing the 
variance in the quantile delta mapped regression output and 
thereby correcting the overly steep annual mean trend. This 
is especially relevant for the far future (post 2055), where the 
UNet predictions have increasingly larger variability, result-
ing in a steep trend. When we correct the regression model’s 
precipitation with our DM, the DM dampens the variance 
such that the annual precipitation trend matches the trend of 
the GFDL SSP3−7.0 projection more closely (Fig. 6). After 
applying the DM, there is only a small deviation in the glob-
ally averaged mean values and trend compared to the GFDL 
projection. It is important to note that the GFDL simula-
tion represents just one possible realization of a future cli-
mate scenario and acts as a reference rather than a ground 
truth target. Our method relies on the assumption that the 
statistical relationship between large-scale circulation and 
small-scale precipitation variability, as learned from ERA5, 
remains valid under future warming. Consequently, our DM 
robustly adapts to these future scenarios by preserving the 
large-scale structures projected by GFDL while generating 
consistent, ERA5-like small-scale variability.

To verify that trend preservation is a robust feature of 
our framework and not limited to a specific model or time 
period, we analyzed the combined historical and future 
period from 1970–2100 for both GFDL-ESM and the inde-
pendent MPI-ESM (Fig. S14). The evaluation confirms that 

trend preservation is maintained across the full 1970–2100 
period for both ESMs. In both cases, the quantile delta 
mapped regression model produces unrealistically high 
variance (and thus steeper trends) which the DM corrects. 
Crucially, the experiment reveals that our framework does 
not simply reproduce the ERA5 trend during the histori-
cal period. Instead, the DM-corrected trend aligns with 
the respective ESM rather than forcing the data to match 
the steeper historical trend of ERA5, confirming that our 
framework adapts to the specific input climate signal rather 
than overfitting to the training distribution. Consequently, 
our framework allows us to correct spatial patterns while 
preserving the overarching global trend information of 
the driving atmospheric variables. We note, however, that 
the output of our generation routine does not strictly rep-
licate the native precipitation trend of the driving ESM. 
The regression model infers precipitation by mapping the 
climate change signal of the ESM's atmospheric variables 
through the observational relationships learned from ERA5. 
The generative diffusion step is crucial because the interme-
diate quantile delta mapping applied to the initial regression 
predictions introduces an unrealistically high inter-annual 
variability (see Fig. S14). This variance inflation is an arti-
fact that occurs when grid-wise quantile mapping is applied 
to overly smooth deterministic model outputs (Maraun 
2013). The diffusion process naturally dampens this QDM 
artifact. The native ESM projections in Fig. 6 and Fig. S14 

Fig. 6  Precipitation trends under the SSP3−7.0 scenario. Comparison 
of globally and annually averaged precipitation trends for the SSP3−7.0 
scenario for GFDL (blue), our UNet regression model (green) and our 
DM (purple). For comparison, the DM was interpolated to 1◦. The 
dashed lines represent the linear regression trends for each model. The 
spatial and globally averaged trend of the UNet (even after quantile 

delta mapping) differs from GFDL. The DM corrects the global aver-
age trend of the UNet, aligning it more with GFDL. The DM trend is 
slightly larger than that of GFDL, while the mean values are slightly 
lower. Note that the GFDL trend is not a strict ground truth but rather 
serves as a reference for comparison, as the DM performs a correction 
of the data towards the ERA5 distribution
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are therefore shown for reference rather than as an absolute 
ground truth. Overall, Fig. S14 demonstrates that our frame-
work yields consistent predictions for two different ESMs 
with the slopes of the DM-corrected lines remaining largely 
consistent with the respective reference projections.

We note that although SSP3−7.0 is an out-of-distribution 
test in terms of temperature increases, in practice it repre-
sents a moderate distribution shift for precipitation, charac-
terized primarily by an increased frequency of high values 
rather than entirely novel conditions outside the historical 
range.

3.5.2  Spatial climate change signal

Figure S16 shows the relative signal of climate change in 
precipitation (2075–2100 vs. 1980–2005) relative to the his-
torical period for GFDL (Fig. S16A), the UNet regression 
model (Fig. S16B), and our diffusion model (Fig. S16C). 
Overall, both UNet and DM capture large-scale changes 
while offering more moderate local responses than GFDL. 
In the tropics and especially the ITCZ region, GFDL exhib-
its a stronger positive precipitation response compared to 
both data-driven methods, which generally temper the cli-
mate change signal. In particular, in parts of South America, 
the sign of the projected change switches from positive in 
GFDL to almost zero or slightly negative for the UNet and 
DM. As we show that the overall trend of precipitation is 
well approximated in statistical metrics and time series 
trends, this could suggest that the ML-based models cor-
rect for some of the potential biases of GFDL, resulting in 
different and, in some cases, opposite regional precipitation 
trends.

Under the future warming scenario SSP3−7.0 (between 
2075–2100), all models predict an increase in R95p in the 
tropics relative to the historical period (Fig. 4D–F). Because 
model biases can alter the magnitude of these changes, we 
compare the sign of the change across the plots, which is 
largely consistent among GFDL, UNet regression, and 
DM. Overall, the UNet projects the largest mean intensi-
fication of precipitation extremes. However, the DM pro-
duces a more moderate increase than both UNet and GFDL, 
with some regional disagreements, particularly over South 
America. The double ITCZ bias remains visible in the future 
projections of GFDL. Visually, both GFDL and DM show 
stronger extremes within the tropical belt, although GFDL 
changes are larger in magnitude overall, possibly reflecting 
its known wet bias. Our DM reproduces similar spatial pat-
terns (signs of change) but with a more modest amplitude, 
suggesting that it partially corrects the climatological biases 
of GFDL, while retaining the overarching signal of climate 
change.

4  Discussion and conclusions

We introduced a two-stage framework for inferring high-
resolution global precipitation fields from a small set of 
atmospheric variables, composed of a deterministic UNet 
regression model together with a probabilistic conditional 
diffusion model. Our generative machine learning approach 
hence serves as a proof-of-concept for spatially aware gen-
erative machine learning as an alternative to deterministic 
column-based parameterization of precipitation for ESMs.

We chose this two-stage framework to map between the 
relatively smooth large-scale atmospheric inputs and the 
spatially intermittent, high-resolution precipitation target. 
We found that learning this complex mapping in a single 
generative step is challenging. This difficulty was also iden-
tified by Mardani et al. (2025), who also employ a two-stage 
approach to address this. A key advantage of our approach is 
that both our models are trained exclusively on a single data-
set, in our case ERA5 reanalysis data. This training strategy 
ensures that the framework is not tied to the specific biases 
or parameterizations of any specific ESM. The only hyper-
parameter that must be adapted to the specific ESM is the 
noise level added to the DM's condition. While applying the 
framework to ESMs with significantly different resolution 
or biases requires retraining with a noise level calibrated to 
that specific ESM, we empirically confirmed that for ESMs 
with similar spectral characteristics (GFDL and MPI), 
our model works well without retraining. For ESMs with 
coarser resolution or stronger small-scale biases than those 
used for calibration (GFDL), not adapting the noise level 
could result in incomplete removal of small-scale biases. 

Our setup aligns with the so-called perfect model 
approach (van der Meer et al. 2023), i.e. learning to recon-
struct high-resolution target fields from artificially coars-
ened input fields. Recent studies (van der Meer et al. 2023; 
Rampal et  al. 2024) suggest that the imperfect model 
approach, mapping low-resolution ESM output directly 
to high-resolution observations, can be advantageous for 
implicitly correcting ESM biases. However, it requires tem-
poral correspondence between input and target data. Such 
paired data is available when using regional climate models 
(RCMs) that are driven by ESM boundary conditions. Since 
our problem setup involves mapping a free-running ESM to 
ERA5 reanalysis, which represent two independent realiza-
tions of internal variability without alignment, the imperfect 
strategy is not applicable.

Another advantage of our framework is its computational 
efficiency. With inference times of roughly two seconds per 
global 0.25◦ precipitation prediction (on a single Nvidia 
H100 GPU), our framework is fast compared to running an 
ESM at 0.25◦ resolution.
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This efficiency is partly due to our deliberate choice of a 
minimal set of two-dimensional predictor variables. While 
traditional parameterizations rely on the full vertical pro-
files, our results suggest that modern deep learning models 
can extract implicit information about the three-dimensional 
atmospheric state from surface fields. For instance, MSLP 
captures the integrated mass of the atmospheric column, 
while our surface winds are intrinsically coupled to the 
larger-scale three-dimensional circulation. Our evaluation 
confirms that these two-dimensional fields contain sufficient 
information to reconstruct high-resolution precipitation pat-
terns without explicitly providing the vertical dimension.

Our approach efficiently produces ensembles of high-
resolution precipitation fields from low-resolution (1◦) 
atmospheric variables, which faithfully represent the inher-
ent uncertainty in the downscaling process. Our method 
can also be used in post-processing for generating large 
ensembles and long-term precipitation projections, which 
are essential for impact and risk assessments.

Our evaluation demonstrates that our method substan-
tially reduces the bias compared to our ESM reference. Our 
approach successfully avoids the prominent double ITCZ 
bias which is strongly pronounced in the GFDL-ESM. Our 
method also reproduces accurate small-scale spatial pat-
terns with which ESMs often struggle. The power spectral 
density we confirm that the small-scale spatial variability of 
the downscaled precipitation aligns closely with the ERA5 
reanalysis data, which is an improvement over the compar-
atively blurry GFDL precipitation fields. The spatial vari-
ability of small scales is essential for accurate simulation 
of regional precipitation extremes and associated impact 
assessments.

While ERA5 is used as the ground truth target in this 
study, we acknowledge that reanalysis precipitation data 
contains inherent biases. Specifically, ERA5 has a wet bias 
and can underestimate the intensity of extreme precipita-
tion events (Lavers et al. 2022). However, given its global 
coverage, high resolution and physical consistency, ERA5 
remains the standard dataset for training machine learn-
ing models. Our framework is data-agnostic and can be 
retrained on observational datasets for specific operational 
applications.

Importantly, our framework largely preserves the climate 
change signal inherent in the specific humidity under the 
SSP3−7.0 scenario, while correcting small-scale spatial pat-
terns in accordance with reanalysis data. Compared to the 
quantile delta mapped UNet regression model, our diffusion 
model adjusts the spatial variability of precipitation more 
effectively, aligning it with the native GFDL projections, 
with only slight deviations in the global mean. However, 
GFDL should not be considered as ground truth in our setup, 
as the diffusion model performs a correction toward ERA5, 

balancing consistency with climate model trends and align-
ment with observational data. In contrast, our quantile delta 
mapped UNet regression model alone fails to reproduce the 
mean and predicts too high variance. An essential part of our 
method is to add noise to the quantile delta mapped regres-
sion model’s 1◦ output before conditioning the diffusion 
model on it. This removes the flawed small-scale features 
while preserving large-scale dynamics, effectively acting as 
a bias correction for the small-scales. We show that the dif-
fusion model preserves the spatial patterns of the trend (i.e. 
regions of increase and decrease) predicted by the UNet, 
while refining the magnitude of these changes by regen-
erating realistic small-scale variability. By regenerating 
improved, reanalysis-like, small-scale structures, the DM 
aligns the global, spatially averaged, trend with the trend 
of the GFDL projection. Our model demonstrates robust-
ness to out-of-distribution scenarios, as shown by its ability 
to preserve trends and to capture extreme events under the 
SSP3−7.0 scenario. Overall, evaluating the model’s perfor-
mance on future scenarios is challenging due to the lack of 
high-resolution ground truth. Future research could com-
pare against dynamically downscaled datasets like Regional 
Climate Models (RCMs), although such models introduce 
their own biases.

Generally, we acknowledge that our model generates 
reanalysis-like fine-scale details based on the historical 
training data. This implicitly assumes that the relation-
ship between large-scale states and small-scale structures 
remains largely constant under climate change. Investigat-
ing this relationship could be an avenue of research in future 
work.

Our method is trained on a frame-by-frame basis, having 
no information from neighboring time steps. The temporal 
consistency of the large-scale precipitation patterns is inher-
ited directly from the evolution of the atmospheric vari-
ables, which give us temporal consistency for large-scale 
features. However, we acknowledge that the fine-scale fea-
tures generated by the diffusion model are stochastic and not 
explicitly constrained to be temporally consistent from one 
time step to the next. It is worth noting, however, that such 
consistency is, in the case of precipitation, primarily rele-
vant for high-frequency data (e.g. sub-daily) where substan-
tial autocorrelation exists. For our daily precipitation fields, 
the temporal autocorrelation of these fine-scale features is 
less pronounced compared to sub-daily scales. While our 
approach captures spatial statistics and large-scale dynam-
ics, extending the framework to a video diffusion model 
to enforce temporal consistency for fine-scale structures 
remains a valuable direction for future development, for 
applications involving sub-daily data.

An important practical benefit of our framework pro-
ducing 0.25◦ resolution is that it enables coupling the 
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precipitation outputs to impact or land models without 
requiring a higher resolution for the 1◦ atmospheric vari-
ables. This decoupling of scales can substantially lower 
computational costs while still providing the detailed pre-
cipitation fields needed for impact studies.

Several avenues for future research remain. An important 
one is to integrate our DM-based parameterization directly 
into a climate model and evaluate its stability in a fully cou-
pled system. Such experiments can help determine whether 
further constraints on the UNet outputs are necessary when 
deployed in operational settings. This includes incorporat-
ing physical constraints to ensure that conservation laws are 
fulfilled (Harder et  al. 2023), or adopting alternative loss 
functions to better capture specific features such as precipi-
tation extremes (Doury et al. 2024).

Bridging the gap from our proof-of-concept to a fully 
operational parameterization would also require extend-
ing the framework to predict three-dimensional tendencies, 
potentially incorporating vertical profiles and ensuring its 
coupling with other physical processes. This is non-trivial 
given the known challenges regarding stability and drift 
for this task (Brenowitz and Bretherton 2018; Yuval and 
O’Gorman 2020). Optimizing the inference strategy with 
techniques such as model distillation (Luhman and Luhman 
2021) could be explored to accelerate the sampling process 
and further reduce computational cost.
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