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Abstract
Climate downscaling is essential for translat-
ing coarse global climate model (GCM) outputs
into high-resolution predictions that inform local
decision-making. This work investigates the ro-
bustness and transferability of statistical climate
downscaling methods when applied to unseen
GCMs. Building on generative frameworks, such
as the Coarse-from-Super and Corrector Diffusion
models, we evaluate their performance in extrap-
olation challenges across diverse GCMs. Our
experiments demonstrate that stochastic meth-
ods outperform deterministic baselines in energy
score loss while maintaining comparable mean
squared error performance. The lower energy
scores highlight the potential of generative down-
scaling techniques for modeling variability inher-
ent in climate systems. Notably, straightforward
two-step generative approaches can produce re-
alistic downscaling outputs even under temporal
and cross-GCM extrapolation conditions.

1. Introduction
As the average global temperature continues to rise and ex-
treme weather events occur more frequently, the impact of
climate change becomes increasingly apparent. This phe-
nomenon underscores the need for reliable and accurate
climate information to develop effective mitigation strate-
gies. Over recent decades, the scientific community has
invested heavily in global climate models (GCMs), which
are physics-based approximations of the Earth’s climate sys-
tem (Ling et al., 2024). However, Collins et al. (2013) note
that significant biases exist in GCM outputs compared to
observations. Moreover, Volosciuk et al. (2015) find that
the coarse spatial resolution renders GCMs unsuitable for
local climate analysis.

The challenge of deriving regional-scale information from
larger-scale climate models is known as downscaling. Here
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one differentiates between dynamic and statistical downscal-
ing approaches. Dynamic downscaling techniques utilize
fine-grained regional climate models (RCMs), which ingest
boundary conditions from GCMs and use high-resolution
physics-based simulations to produce regional climate in-
formation, resulting in significant computational expenses
(Gutowski et al., 2020). Furthermore, Liang et al. (2008)
show that RCMs inherit biases from the parent GCMs,
which propagate into the downscaled predictions. In con-
trast, statistical downscaling techniques learn empirical rela-
tionships between coarse and high-resolution climate data,
offering a computationally efficient alternative (Ling et al.,
2024). Classical machine learning methods, such as ran-
dom forests or support vector machines, have long provided
solid baselines for statistical downscaling. Building on
these foundations, recent studies underline the potential of
advanced deep learning methods, including convolutional
neural networks (e.g. Rodrigues & Netto, 2018) or UNets
(e.g. Lin et al., 2023), to further enhance the accuracy and
computational performance of downscaling.

However, RCM and deterministic statistical downscaling
approaches neglect to quantify underlying uncertainties in
climate systems, which are pivotal for precisely understand-
ing extreme weather events and climate change. Instead of
expensive ensemble inference methods to address this limi-
tation, inherently probabilistic generative models, such as
generative adversarial networks (GANs) or diffusion mod-
els, offer a compelling alternative. Building upon recent
advancements in generative models for climate downscal-
ing, this work investigates how transferable these learned
mappings are to new, unseen GCMs.

In our experimental study, we observe that stochastic ap-
proaches outperform deterministic procedures when consid-
ering the energy score loss from Section 2.2, while main-
taining comparable mean squared error performance. We
contribute to the literature by demonstrating that two-step
generative downscaling methods produce reliable outcomes
in cross-GCM extrapolation tasks. Moreover, we show-
case that multilayer perceptrons (MLPs) augmented with
stochastic noise injections can match or exceed the perfor-
mance of more computationally intensive diffusion model
approaches on climate downscaling extrapolation problems.
Furthermore, our experiments demonstrate that the two-step
approach of Mardani et al. (2024) can generate high-quality

1



Extrapolation and distributional robustness for climate downscaling

downscaling samples, even when employing a simplified
architecture that combines a reduced-size diffusion U-Net
with a basic MLP for deterministic regression.

2. Methodology
Let X ⊆ Rcin×36×20 denote the space of low-resolution in-
put observations and Y ⊆ Rcout×128×128 the space of high-
resolution target random variables. Throughout our experi-
ments, we set cin = 2 (target variable and pressure variable)
and cout = 1 (target variable) with the target variable being
one of {temperature, precipitation}. Although
individual observations may originate from different GCM-
RCM combinations, we omit explicit indices indicating their
source for notational simplicity. We denote by X and Y the
low and high resolution random vectors, taking values in
X and Y , respectively, with an unknown joint distribution.
Additionally, we define Z as a coarse regional representa-
tion obtained by applying average pooling with a kernel size
of 16 to Y . Given a collection of N paired observations
{(xi,yi)}Ni=1, where ∀i ∈ {1, . . . , N} : xi ∈ X , yi ∈ Y ,
we seek to model the conditional distribution P(Y |X). In
practice, we augment the global representations {xi}Ni=1

with sinusoidal encodings of the forecast date and one-hot
encodings of the GCM-RCM combination to improve model
performance.

2.1. Coarse form Super Model

Figure 1. The workflow for Coarse-form-Super model. The
coarse model first predicts the coarsened regional representation
followed by the super model generating the regional representation.

The Coarse-from-Super model is composed of two sub-
models:

1. Coarse Model: A stochastic multi layer perceptron
(MLP) with six layers arranged as three residual blocks.
In each block, a noise vector sampled from N (0, I) is

concatenated with the features, injecting stochasticity
at every stage. The first block (input layer) maps the
high-dimensional flattened input to a 64-dimensional
hidden representation using ReLU activations. The in-
termediate block enhances these features without alter-
ing their dimensionality, and the final block produces
the intermediate target representation.

2. Super Model: This model refines the intermediate
coarse representation Z into a high-resolution output
using a similar stochastic residual design. Configured
with six layers (three residual blocks), it employs a
larger hidden dimension of 500. It directly maps the in-
termediate representation to the final output, preserving
the structural and statistical details needed for accurate
downscaling.

Our training workflow for the Coarse-from-Super model is
designed as a two-stage process (Figure 1). Initially, the su-
per model is trained to map coarse regional representations
to high-resolution outputs. Once the super model has been
trained its parameters are frozen. The coarse model then
takes low-resolution inputs X and generates coarse regional
representations Ẑ. These are first evaluated against the cor-
responding true coarse representations Z using an energy
score loss, defined in Section 2.2. The coarse output is sub-
sequently fed into the fixed super model to produce refined
regional predictions Ŷ , which are again compared to the
true high-resolution targets Y using the energy loss, defined
in Section 2.2. The final loss for training the coarse model
is computed as a weighted sum of these two energy losses,
controlled by the parameter λcoarse. For more details about
the Coarse-from-Super model, we refer to Appendix A.

2.2. Energy Score Loss

In our framework, to train the Coarse-from-Super model
we minimize an energy loss defined as the negative of the
energy score. The energy score introduced by Gneiting &
Raftery (2007) is a popular scoring rule that generalizes the
continuous ranked probability score (CRPS) to multivariate
settings (Szekely, 2003; Matheson & Winkler, 1976).

For two independent samples Y1, Y2 drawn from a distri-
bution P and an observation y, the energy score is defined
as

ES(P,y) =
1

2
EP ∥Y1 − Y2∥ − EP ∥Y1 − y∥ (1)

where ∥·∥ denotes the Euclidean norm. The energy score is a
strictly proper scoring rule, attaining its minimum expected
value if and only if P corresponds to the true underlying
distribution of the target variable (Szekely, 2003). By mini-
mizing the empirical energy loss, the model is encouraged
to generate samples that differ from each other, capturing
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the variety of possible climate scenarios while remaining
close to the observed values.

2.3. Corrector Diffusion Model

Recognizing that plain conditional diffusion models yield
low-quality regional samples and slow convergence when
directly modeling the distribution P(Y |X), Mardani et al.
(2024) propose a two-step approach with inherent variance
reduction, termed corrector diffusion (CorrDiff), to mitigate
these issues. As displayed in Figure 2, in this framework we
decompose the generation procedure into

Y = E[Y |X]︸ ︷︷ ︸
deterministic regression µ(X)

+ R︸︷︷︸
stochastic residual

, (2)

where the residual is defined as R := Y − µ(X) and is
modeled by a diffusion process.

Therefore, we first predict the conditional mean µ(X) =
E[Y |X] using a deterministic regression model. Contrary
to the original CorrDiff formulation in Mardani et al. (2024),
we do not employ a large U-Net in light of computational
resource restrictions, but instead adopt a deterministic (i.e.
without noise injection) MLP fθ : X → Y similar to the
super component of the Coarse-from-Super architecture in
Section 2.1. The parameters θ are learned by minimizing

Lreg(θ) = E(x,y)∼pdata

[
∥y − fθ(x)∥22

]
,

yielding an estimate of the conditional mean µ(X). This
enables the computation of the empirical residuals

r̂i = yi − fθ(xi), i ∈ {1, . . . , N}.

By decoupling the estimation of the conditional mean from
the modeling of the residual distribution, the function fθ(·)
can be learned in isolation, simplifying and stabilizing the
optimization procedure.

To more accurately capture extreme weather events that
the deterministic model does not explain, Mardani et al.
(2024) suggest employing an Elucidated diffusion model (cf.
Karras et al. 2022) to sample from the conditional residual
distribution P(R|X). Therein, in the forward process, noise
is progressively added to the residual. Following Karras et al.
(2022), this forward process for some sample residual r is
governed by the forward stochastic differential equation
(SDE)

dr =
√
2σ̇(t)σ(t)dWt,

where σ(t) denotes a prescribed noise schedule, typically
σ(t) ∝

√
t, σ̇(t) the derivative of σ(t) with respect to the

diffusion time t ∈ [0, T ], and dWt represents an increment
of a Wiener process. The corresponding backward SDE
governs the sample generation and is given by

dr=−2σ̇(t)σ(t)∇r log p(r|σ(t),c)dt+
√

2σ̇(t)σ(t)dW̄t, (3)

Figure 2. The workflow for CorrDiff probabilistic downscaling.
A regression model first predict the conditional mean µ(X) from
low-resolution GCM input, followed by an Elucidated Diffusion
model generating the residual r̃. Adding together the estimated
conditional mean and r̃ yields a high-resolution sample. Inspired
by a similar graphic in Mardani et al. (2024)

where∇r log p(r|σ, c) is the so-called score function, a vec-
tor field indicating the directions of increasing data density
at a specified noise level σ, and dW̄t denotes increments of a
reverse-time Wiener process (Karras et al., 2022). Note that
we add the option to guide the diffusion process by including
potential conditioning information c in the score function
∇r log p(r|σ, c). In the CorrDiff framework of Mardani
et al. (2024), this conditioning information c consists of the
(upsampled) global representation x and the encoded time-
point for which samples should be drawn, ψ(ttarget), where
ψ(·) is a learnable map.

For sample generation, we have to solve the reverse SDE in
Equation (3), requiring the estimation of the score function
∇r log p(r|σ, c). The detailed algorithm for this stochastic
sampling procedure is documented in Algorithm 1, and
is based on Algorithm 2 of Karras et al. (2022). As the
score function operates independently of the intractable
normalizing constant, we can estimate the score function
using a denoising neural network Dϕ(·). Moreover, if it
holds that

∇r log p(r|σ,x, ψ(ttarget)) =
Dϕ(r, σ,x, ψ(ttarget))− r

σ2
,

the loss function can be written in the simple form

Ldiff(ϕ)=Er∼prEσ∼pσEη∼N(0,σ2I)

[
∥Dϕ(r+η,σ,x,ψ(ttarget))−r∥2

2

]
,

Realize that the expectation is also taken over noise levels σ
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to ensure that the score function can be accurately estimated
across various scales of noise corruption. Furthermore, the
conditioning of the model is done by concatenating x with
the noise η along the channel dimension. In addition, for
Dϕ(·), we follow Mardani et al. (2024) and employ the
U-Net of the DDPM++ architecture of Song et al. (2021).
For a detailed breakdown of the architecture and the rele-
vant hyperparameters used in CorrDiff training, we refer to
Appendix B.2.

Finally, at test time, we leverage Equation (2) and obtain the
high-resolution output for a new global representation xnew
by combining the derministic mean prediction with a resid-
ual sample r̃new generated by the EDM using Algorithm 1:

ynew = fθ(xnew) + r̃new.

In case multiple samples are desired (e.g. for quantile esti-
mation), one can generate M samples {r̃new,1, . . . , r̃new,M}
from the EDM to arrive at

ynew,j = fθ(xnew) + r̃new,j for j ∈ {1, . . .M}.

3. Results

Figure 3. Global and Regional Climate Model Combinations.
The figure depicts the three global climate models (MPI-ESM-LR,
MIROC5, and CNRM-CM5) and their associated regional climate
models (CCLM4-8-17, ALADIN63, RegCM4-6, and REMO2015).
Not all global models are paired with every regional model.

We use three GCMs in our study, namely MPI-ESM-LR,
MIROC5, and CNRM-CM5, simulate the global climate
system at a coarse resolution of approximately 100 km
(Kaltenborn et al., 2023). Each GCM is paired with one
or more regional climate models (RCMs) that refine the
large-scale output to provide high-resolution climate details.
The available RCMs include CCLM4-8-17, ALADIN63,
RegCM4-6, and REMO2015. However, as shown in Fig-
ure 3, not every GCM is associated with every RCM, as

the availability of regional representations varies between
global models.

We evaluate three downscaling approaches in terms of their
extrapolation capabilities: (i) the Coarse-from-Super model
introduced in Section 2.1, (ii) a deterministic (i.e. without
any noise injections) MLP based on the super constituent of
the Coarse-from-Super model, that is trained using mean-
squared error loss, and (iii) the CorrDiff model established
in Section 2.3. As some RCMs differ considerably in com-
plexity and can be more challenging to learn, we stratify
by the RCM at test time. Concretely, we train on all avail-
able GCM–RCM pairings from a subset consisting of two
GCMs, leaving one GCM completely out of the training set.
We then evaluate on all RCMs associated with this unseen
GCM to assess how well the models extrapolate to novel
GCM boundary conditions. As a baseline, the models are
trained using all RCM–GCM combinations from a single
GCM, and their performance is then assessed on test data
from the same GCM. This enables us to compare GCM ex-
trapolation (unseen GCM) and GCM interpolation (known
GCM) performance directly.

We consider the time period from 1971–2099. The years
2030–2039 (test interpolation) and 2090–2099 (test extrap-
olation) are exclusively used for assessing model general-
ization to unseen time windows, while the remaining years
(1971–2029 and 2040–2089) are available for training and
validation. To ensure comparability, we use 60,000 training
and 10,000 validation subsamples across all experiments,
drawn randomly without regard to temporal order. For both
the stochastic Coarse-from-Super and the deterministic net-
works, we opt for the model weights that yield the lowest
validation score; for CorrDiff, we reuse the selected deter-
ministic regressor and train the EDM component for a fixed
30 epochs. Detailed overviews of the training regimes for
the Coarse-from-Super and CorrDiff models are provided
in Appendix A.2 and Appendix B.2, respectively. Finally,
on the temporal test interpolation (2030–2039) and tem-
poral test extrapolation (2090–2099) datasets, we evaluate
the three downscaling routines in terms of mean squared
error and energy loss. Note that the loss values are com-
puted based on the RCM outputs instead of the ground truth
observations.

Figure 4 presents a comparative analysis of precipitation
prediction performance across different RCMs using the
three downscaling approaches. Panel (a) demonstrates that
probabilistic models (Coarse-from-Super and CorrDiff) con-
sistently achieve lower energy scores compared to the deter-
ministic model in both temporal extrapolation and interpola-
tion scenarios, and regardless of the particular GCM–RCM
pairing or whether the test GCM matches the GCMs utilized
during training (GCM agreement). This superior perfor-
mance likely derives from their ability to model variability
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(a) Energy Score (b) MSE

Figure 4. Absolute downscaling extrapolation performance for precipitation. Panel (a) shows the energy score, while Panel (b)
displays the mean squared error (MSE) for precipitation. The performance of three downscaling approaches, CorrDiff, deterministic, and
Coarse-from-Super, is compared across different test regional climate models (RCMs) and experimental setups (test extrapolation vs. test
interpolation). Colors denote the test global climate model (GCM) and shapes indicate GCM agreement between training and testing;
dashed lines connect observations from the same training GCM.

inherent in climate systems. While performing on par with
or better than CorrDiff, the Coarse-from-Super model de-
mands fewer memory resources and less runtime through-
out training and sample generation. However, the fact that
Coarse-from-Super directly utilizes the energy score loss
objective during training likely contributes to its low energy
score in evaluation.

Panel (b) reveals relatively uniform mean squared error
across all methodologies, suggesting the models maintain
similar bias characteristics despite their architectural dif-
ferences. Notably, experiments where training and testing
employ the same GCM consistently exhibit reduced abso-
lute energy score and MSE. However, this challenge of
cross-GCM generalization is tackled better than we initially
expected and the mappings appear to be quite robustly trans-
ferable to new GCMs. Moreover, the metrics achieved on
the extrapolation test period resemble those measured on
the interpolation test period, demonstrating the temporal
robustness of all evaluated models.

As for the temperature response, it generally exhibits higher
autocorrelation in both space and time, making it easier
to predict than precipitation. Consequently, it represents
a less challenging downscaling problem than precipitation.
Given computational resource constraints, only the deter-

ministic and Coarse-from-Super models are trained for this
task. As is visualized in Figure 5(b), the Coarse-from-Super
model achieves considerably lower energy scores compared
to the deterministic approach. In contrast, with respect to
mean squared error, both models display similar perfor-
mance, with the deterministic version occasionally achiev-
ing a lower MSE loss than its stochastic Coarse-from-Super
counterpart.

In addition to the absolute metrics from above, we perform
a detailed relative analysis by normalizing the metrics with
respect to the baseline. A comprehensive discussion of these
relative comparisons is provided in Appendix C.

4. Discussion
The experimental results reveal that the generative down-
scaling methods under consideration consistently achieve
lower energy scores across temperature and precipitation
compared to a deterministic approach. In contrast, the mean
squared errors remain similar for all three architectures un-
der evaluation. Notably, our experiments indicate that the
mappings that are learned on a collection of GCM-RCM
combinations transfer effectively to unseen GCMs, demon-
strating strong cross-GCM generalizability. Similarly, we
observe comparable metrics on the interpolation and ex-
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(a) Energy Score (b) MSE

Figure 5. Absolute downscaling extrapolation performance for temperature. Panel (a) shows the energy score, while Panel (b) displays
the mean squared error (MSE) for temperature. The performance of two downscaling approaches, deterministic, and Coarse-from-Super,
is compared across different test regional climate models (RCMs) and experimental setups (test extrapolation vs. test interpolation).
Colors denote the test global climate model (GCM) and shapes indicate GCM agreement between training and testing; dashed lines
connect observations from the same training GCM.

trapolation test time periods, indicating temporal stability.
Interestingly, the simple Coarse-from-Super architecture
from Section 2.1 yields similar or improved energy scores
(and means squared errors) compared to the CorrDiff archi-
tecture, offering a computationally less resource-intensive
alternative to more complex generative approaches.

Finally, this study does not quantify the impact of the num-
ber of subsampled training datapoints on predictive per-
formance, which warrants further investigation. Moreover,
future work could also explore the influence of the choice
of the deterministic model within the CorrDiff framework,
focusing on performance and computational resource usage.
Instead of the simple residual MLP that we employ, one
might consider a U-Net as in Mardani et al. (2024) or novel
foundation models for climate such as Prithvi WxC from
Schmude et al. (2024). Additionally, a more thorough inves-
tigation of the impact of different hyperparameter settings
in the CorrDiff framework suggests itself. Furthermore, one
can explore alternative extrapolation scenarios, such as spa-
tial transferability, for an enhanced understanding of model
robustness in climate downscaling tasks.

5. Conclusion
In summary, our work demonstrates that generative two-
step approaches are well-suited for tackling complex cli-
mate downscaling problems. Particularly, we observe re-
markable extrapolation capabilities to out-of-distribution
GCMs. Moreover, we reveal that simple stochastic MLPs,
augmented with noise injection, can match or surpass the
performance in terms of energy score and mean squared
error compared to more computationally demanding diffu-
sion models. This finding challenges the common belief in
the literature that complex architectures are always neces-
sary for climate downscaling. Additionally, by employing
a smaller deterministic regression model in the CorrDiff
framework by Mardani et al. (2024) that is nevertheless
capable of generating high-quality high-resolution samples,
we pave the way for more robust and scalable downscaling
techniques.
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Extrapolation and distributional robustness for climate downscaling

A. Coarse-from-Super Model
A.1. Training Loss

Given X as the low-resolution input, Z as the true coarse regional representation, and Y as the true high-resolution
(regional) representation, our framework first generates an intermediate coarse representation using the coarse model, i.e.,
Ẑ = fcoarse (X, ϵ), where ϵ ∼ N (0, I). This intermediate representation is then refined by the pre-trained (and frozen)
super model to produce the final high-resolution output, Ŷ = fsuper (Ẑ,η), where η ∼ N (0, I). We compute energy losses
Lenergy (Z, Ẑ) and Lenergy (Y , Ŷ ) for the coarse and super outputs, respectively. The final loss function, which is used to
train the coarse model while keeping the super model fixed, is defined as a convex combination of these individual energy
losses:

L(X,Z,Y ) = λcoarse Lenergy (Z, Ẑ) + (1− λcoarse )Lenergy (Y , Ŷ ) (4)

A.2. Experimental Details

The Coarse-from-Super model is composed of two different sub-models as explained in Section 2.1. In the following, the
experimental details for the coarse model and for the super model are described.

Coarse-from-Super

• Data Configuration:

– Target Variable: Precipitation (pr) or Temperature (tmp).
– Normalization: Input data are normalized using a scalar method, while outputs are normalized piecewise. Square

root transformations are applied to both input and output.
– Data Split: The dataset comprises 60,000 training samples and 10,000 validation samples.
– Low-Resolution Processing: Low-resolution prediction is enabled with an average pooling kernel size of 16.

• Training Strategy:

– Duration and Batch Size: Training is conducted over 300 epochs using a batch size of 512.
– Learning Rate: Optimization is performed with the AdamW (cf. Loshchilov & Hutter, 2019) optimizer at an

initial learning rate of 3× 10−4.
– Scheduler: A decay-based (i.e. exponential) learning rate scheduler is employed, multiplying the current learning

rate by a factor of 0.99 after every epoch.
– Lambda Mixing Factor: The λcoarse mixing factor is 0.9

coarse Model

• Model Architecture:

– Network Structure: The coarse model is implemented as a multilayer perceptron (MLP) with 6 layers and a
hidden dimension of 64.

– Stochasticity: A 10-dimensional noise vector (with a noise standard deviation of 1.0) is injected to account for
uncertainty.

Super Model

• Model Architecture:

– Network Structure: The super model is implemented as a multilayer perceptron (MLP) with 6 layers.
– Hidden Dimensions and Layer Shrinkage: The model features a hidden dimension of 500 and a layer shrinkage

factor of 16.
– Stochasticity: A 100-dimensional noise vector (with a noise standard deviation of 1.0) is injected to account for

uncertainty.
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B. Elucidated Diffusion Model
B.1. Stochastic Sampler

Algorithm 1 details the stochastic sampling procedure used in the CorrDiff framework. Adapted from Algorithm 2 in Karras
et al. (2022), this algorithm is modified for consistent notation across this work. Here, x represents the (nearest neighbor)
upsampled coarse GCM input, {ti}Ni=0 denotes a sequence of predefined noise levels, and ψ(ttarget) corresponds to learnable
embeddings of the forecast date. Additionally, we define a sequence {γi}N−1

i=0 of non-negative factors for adjusting the noise
level at every diffusion time step, where

γi =

min

(
Schurn

N
,
√
2− 1

)
, if ti ∈ [Stmin, Stmax]

0, otherwise.

In accordance with Karras et al. (2022), we choose Stmin = 0 and Stmax =∞. Moreover, we empirically established that
N = 40 steps are sufficient to generate high-quality precipitation samples. Finally, we define Dϕ(·) as a denoising neural
network that takes the high-resolution output and its corresponding noise level at a specific time point as input, and that
is conditioned on the coarse GCM input and the time embeddings. This parametrized function leverages the DDPM++
architecture of Song et al. (2021).

Algorithm 1 CorrDiff Stochastic Sampler

procedure CORRDIFFSAMPLER(Dϕ(·), {ti}Ni=0, {γi}
N−1
i=0 , Snoise)

sample r0 ∼ N (0, t20I)
for i = 0, . . . , N − 1 do

t̂i ← ti + γiti
sample ηi ∼ N (0, S2

noiseI)

r̂i ← ri +

√
t̂i
2 − t2i ηi

di ←
(
r̂i −Dϕ

(
r̂i, t̂i, x, ψ(ttarget)

))
t̂i

ri+1 ← r̂i +
(
ti+1 − t̂i

)
di ▷ Euler step

if ti+1 ̸= 0 then

d′
i ←

(
ri+1 −Dϕ

(
ri+1, ti+1, x, ψ(ttarget)

))
ti+1

ri+1 ← r̂i +
(
ti+1 − t̂i

)
1
2

(
di + d′

i

)
▷ Second-order correction (Heun’s method)

end if
end for
return rN

end procedure

Due to computational constraints, we forgo a grid search for the Schurn hyperparameter and instead fix Schurn = 0. However,
Karras et al. (2022) demonstrate that the choice of Schurn substantially influences performance in terms of the Fréchet
inception distance (FID) on traditional image dataset. Thus, future work should include ablations on Schurn in the context of
climate downscaling tasks.

B.2. Experimental Details

The deterministic regression component is trained using the same configurations as the super component in Appendix A.2
but utilizing mean-squared error loss instead of the combined energy loss from Appendix A.1. Subsequently, the weights of
the deterministic regression map are frozen in the training of the EDM constituent. We use the following hyperparameter
settings for learning the EDM model:

• Training Duration: The model is trained for a fixed 30 epochs
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• Batch Size: 32

• Learning Rate and Scheduler: We employ the AdamW (cf. Loshchilov & Hutter, 2019) optimizer with an initial
learning rate of 3× 10−4. A linear warmup over the first 10 epochs followed by cosine annealing is used.

• U-Net Architecture for Parametrized Score Function:

– Input and Output Resolution: 128×128
– Input and Output Channels: 3 input channels (noise, target variable and pressure variable), 1 output channel

(target variable)
– U-Net Downsampling: The spatial resolution is progressively halved along both spatial dimensions at each

encoder stage, before a symmetric upsampling in the decoder. Hence, we get the following resolution levels:
[128× 128, 64× 64, 32× 32, 16× 16], with the order reversed in the decoder constituent.

– Base Channels: 64 with channel multipliers of [1, 2, 2, 2]
– Residual Blocks: 4 per resolution level
– Dropout rate: 0.1, is applied after each convolutional layer in both the encoder and the decoder
– Attention: Is applied at a spatial resolution of 16× 16

– Time Embedding: Sinusoidal encodings, with a label dimension of 5 (for time-only), that are passed through a
linear layer before being added to the noise embeddings.

• Gradient Clipping: A maximum gradient norm of 10 is applied to ensure training stability.

• Reverse Diffusion: 40 reverse diffusion steps for generating samples. Utilize Algorithm 1 with Stmin = 0, Stmax =∞,
and Schurn = 0.

• Precision: For training and sampling 32-bit floating point precision is used
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C. Complementary Visualizations
In the appendix figures (Figure 6 for precipitation and Figure 7 for temperature), all reported metrics are expressed relative to
a single GCM baseline. In other words, each point indicates how much each model’s performance improves upon (negative
values) or falls behind (positive values) a baseline model trained and tested on the same GCM.

Turning first to precipitation (Figure 6), the relative energy score and relative MSE vary considerably among GCM-RCM
pairs, and there is no consistent pattern that separates probabilistic models (CorrDiff and Coarse-from-Super) from the
deterministic approach. In some cases, the Coarse-from-Super or CorrDiff methods achieve slightly more negative values
(hence outperforming the baseline), but other points lie above zero, indicating less favorable performance. This variability
suggests that the performances in term of relative measure depend on which GCM or RCM is being considered.

A clearer pattern emerges for temperature (Figure 7). Here, only the deterministic and Coarse-from-Super models are
compared. The Coarse-from-Super approach tends to show higher positive values for the energy score. That outcome
implies that relative to the single-GCM baseline, the generative model sometimes struggles to offer systematic improvements
in capturing the distributional aspects of temperature fields. A possible reason for this result stems from the fact that
temperature is a relatively easy variable to model.

Overall, these relative plots highlight the sensitivity of cross-GCM extrapolation to the baseline choice and underscore that
improvements in one metric (e.g., distributional accuracy) may not always translate to uniform gains when viewed as a
ratio or difference from a single-GCM reference. The observed swings above and below zero in both figures further reflect
the diverse nature of the GCM–RCM combinations, reinforcing that each approach’s relative advantage or disadvantage
depends on which boundary conditions it encounters.

(a) Energy Score (b) MSE

Figure 6. Relative downscaling extrapolation performance for preciptation. Panel (a) shows the relative energy score, while Panel
(b) displays the relative mean squared error (MSE) for precipitation. The performance of three downscaling approaches, CorrDiff,
deterministic, and Coarse-from-Super, is compared across different test regional climate models (RCMs) and experimental setups (test
extrapolation vs. test interpolation). Colors denote the test global climate model (GCM) and shapes indicate GCM agreement between
training and testing; dashed lines connect observations from the same training GCM.
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(a) Energy Score (b) MSE

Figure 7. Relative downscaling extrapolation performance for temperature. Panel (a) shows the relative energy score, while Panel
(b) displays the relative mean squared error (MSE) for temperature. The performance of two downscaling approaches, Deterministic,
and Stochastic, is compared across different test regional climate models (RCMs) and experimental setups (test extrapolation vs. test
interpolation). Colors denote the test global climate model (GCM) and shapes indicate GCM agreement between training and testing;
dashed lines connect observations from the same training GCM.
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