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Abstract Large‐scale numerical simulations often produce high‐dimensional gridded data, which is
challenging to process for downstream applications. A prime example is numerical weather prediction, where
atmospheric processes are modeled using discrete gridded representations of the physical variables and
dynamics. Uncertainties are assessed by running the simulations multiple times, yielding ensembles of
simulated fields as a high‐dimensional stochastic representation of the forecast distribution. The high
dimensionality and large volume of ensemble data sets imposes major computing challenges for subsequent
forecasting stages. Data‐driven dimensionality reduction techniques could help to reduce the data volume before
further processing by learning meaningful and compact representations. However, existing dimensionality
reduction methods are typically designed for deterministic and single‐valued inputs, and thus they cannot handle
ensemble data from multiple randomized simulations. In this study, we propose novel dimensionality reduction
approaches specifically tailored to the format of ensemble forecast fields. We present two alternative
frameworks, which yield low‐dimensional representations of ensemble forecasts while respecting their
probabilistic character. The first approach derives a distribution‐based representation of an input ensemble by
applying standard dimensionality reduction techniques in a member‐by‐member fashion and merging the
member representations into a joint parametric distribution model. The second approach achieves a similar
representation by encoding all members jointly using a tailored variational autoencoder. We evaluate and
compare both approaches in a case study using 10 years of temperature and wind speed forecasts over Europe.
The approaches preserve key spatial and statistical characteristics of the ensemble and enable efficient
generation of additional member forecast fields.

Plain Language Summary Modern weather forecasts rely on large‐scale physical simulations that
model the atmosphere over gridded spatial fields. These simulations are often run multiple times with slightly
different configurations to account for forecast uncertainty, producing the ensemble forecast. While this
approach improves reliability, it also generates massive volumes of high‐dimensional data that are difficult to be
stored, processed, and used in downstream applications. In this study, we developed novel machine learning
methods to reduce the size of these gridded ensemble forecast data sets without losing crucial uncertainty
information. Our methods are specifically designed to handle the peculiar characteristics of ensemble forecasts,
whereas traditional data compression techniques cannot be directly applied to this type of data. We proposed
two types of approaches: one that compresses each simulation individually and then combines them and another
that compresses all simulations together using a variational autoencoder‐based neural network. We applied
these methods to 10 years of temperature and wind speed forecasts across Europe. The results show that our
approaches preserve key spatial patterns and uncertainty characteristics, enabling more efficient use of
ensemble forecasts while maintaining their essential information.

1. Introduction
Large‐scale physics‐based models are used across environmental sciences for prediction and modeling. A
particularly important example is numerical weather prediction (NWP) models, where atmospheric processes are
represented via partial differential equations. The forecast quality of NWP models has improved tremendously in
recent decades due to continued scientific and technological advances (Bauer et al., 2015). Nowadays, NWP
models are often run in an ensemble mode to quantify forecast uncertainty. Thereby, a collection of predictions of
future weather states is obtained by running the model several times with varying initial conditions and perturbed
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model physics. Conceptually, these ensemble members are considered equally probable realizations of an un-
known probability distribution. In many current NWP systems, the ensemble members are therefore considered to
be interchangeable.

Due to their continuously increasing spatial and temporal resolution, ensemble weather forecasting models
produce large amounts of data. However, it is challenging to process such high‐dimensional and complex data in
applications relying on weather predictions as inputs. Examples include weather forecasting applications such as
postprocessing and analog forecasting and downstream applications such as hydrological and energy forecasting
models. Therefore, summarizing relevant information from meteorological input data across space and time via
learning low‐dimensional representations is of interest beyond just reducing the amount of data that needs to be
stored.

One example is ensemble postprocessing, which aims at correcting systematic errors of NWP ensemble pre-
dictions via statistical or machine learning (ML) models (Vannitsem et al., 2021). Postprocessing models use
ensemble predictions of relevant meteorological variables as inputs and produce corrected probabilistic forecasts
in the form of probability distributions as their output. While recent ML‐based approaches have enabled the
incorporation of many predictor variables (Chen et al., 2024; Rasp & Lerch, 2018; Schulz & Lerch, 2022) and
there exist first spatial postprocessing approaches (Chapman et al., 2022; Grönquist et al., 2021; Horat &
Lerch, 2024; Scheuerer et al., 2020; Veldkamp et al., 2021), most postprocessing models still tend to operate on
localized predictions at individual stations or grid point locations. However, the restriction to localized pre-
dictions prevents the incorporation of predictability information from large‐scale spatial structures, including
weather regimes. While such structures are inherently represented in physically consistent forecast fields from
NWP models and have been demonstrated to provide relevant information on conditional, flow‐dependent error
characteristics of NWP forecasts (Allen et al., 2021; Rodwell et al., 2018), directly utilizing them as inputs to
postprocessing models along with station‐based variables is challenging due to their high dimensionality. To
address this limitation, Lerch and Polsterer (2022) propose the use of convolutional autoencoders (AEs) to learn
low‐dimensional latent representations of the high‐dimensional gridded forecast fields and demonstrate that using
the encoded representations as additional predictors to augment an NN‐based postprocessing model with in-
formation about the spatial structure of relevant forecast fields helps to improve predictive performance. How-
ever, Lerch and Polsterer (2022) only utilize encoded representation of the mean ensemble field, where all
ensemble member forecasts are averaged at every grid point. One potential drawback is that the mean field will be
notably smoother than forecast fields from individual members. More importantly, however, such approaches
ignore the underlying probabilistic information available in the ensemble simulations, which can be seen as
samples from a multivariate probability distribution.

Our overarching aim is to propose dimensionality reduction methods to learn low‐dimensional representations of
ensemble forecast fields, which respect the inherently probabilistic nature of the input data. A variety of
dimensionality reduction methods are available, ranging from classical principal component analysis (PCA;
Jolliffe & Cadima, 2016; Pearson, 1901) to neural network (NN)‐based AE methods (Bourlard & Kamp, 1988;
Hinton & Salakhutdinov, 2006; Hinton & Zemel, 1993; Kramer, 1991). However, the application of existing
dimensionality reduction methods to ensemble forecast fields is not straightforward, since they tend to be tailored
to deterministic input data. To the best of our knowledge, the problem of learning representations of ensemble
simulation data has not been considered thus far, potentially since this type of data is somewhat specific to
environmental modeling. The key design considerations, which also constitute the main challenges of this study,
lie in two aspects. First, the representations must capture both the large‐scale spatial structures of the forecast
fields and the forecast uncertainty, in the form of variability across ensemble members, within a probabilistic
framework, whereas existing approaches typically yield only deterministic representations. Second, the encoded
probabilistic representations should allow for the generation of synthetic ensemble member fields that are, in
principle, indistinguishable from randomly selected members of the original ensemble, which can be achieved by
decoding samples drawn from the latent distribution. Therefore, we aim to develop dimensionality reduction
approaches that learn distributional representations in the latent space for an ensemble of forecast fields to address
these challenges.

To achieve this, we propose two approaches, one based on existing dimensionality reduction methods and one
utilizing variational autoencoder (VAE; Kingma, 2013) architectures. The former is an extension of existing
dimensionality reduction models with deterministic latent code and can be summarized as a two‐step framework.
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In the first step, a dimensionality reduction model (e.g., PCA or an AE model) is employed to learn low‐
dimensional representations for each member of the ensemble forecast fields. In the second step, a multivar-
iate Gaussian distribution in the latent space is fitted to the encoded representations of all ensemble members. This
distribution serves as a compact probabilistic representation of the entire ensemble and can be used to reconstruct
ensemble members that are statistically indistinguishable from the original members. This is achieved by
reverting the encoding process, that is, drawing independent samples from the fitted distribution and applying the
reverse step of the dimensionality reduction model (e.g., inverse PCA transform or the decoder of AE). The VAE‐
based framework, which we propose as a conceptually distinct alternative, utilizes a tailored VAE model that
jointly considers all ensemble members as one input and provides a distributional ensemble representation as the
encoder posterior distribution defined on the VAE's latent space. A key design consideration is that the proposed
VAEmodel should respect the interpretation of ensemble members as interchangeable samples from an unknown,
multivariate probability distribution. Notably, the obtained distributional representation should be independent of
any (arbitrary) ordering in which the ensemble members are sampled, held in memory, and supplied to the VAE.
To this end, we use an invariant VAE (iVAE) architecture designed to be invariant to the reordering of ensemble
members. In contrast to the PCA and AE‐based approaches, the iVAE model thus does not encode deterministic
latent representations but directly learns a probability distribution in the latent space while treating ensemble
members as invariant inputs.

We systematically compare the two approaches in two case studies on ensemble forecast fields covering a region
that roughly corresponds to Europe. We focus on 2‐day ahead forecasts of temperature and wind speed, utilizing
10 years of daily forecasts from the European Centre for Medium‐Range Weather Forecasts (ECMWF). To that
end, we discuss appropriate evaluation approaches for the problem at hand and consider an exemplary analysis of
the encoded representations.

The remainder of the paper is structured as follows. Section 2 provides an overview of the data set, and Section 3
introduces the proposed two‐step and iVAE approaches to learn distributional representations of ensemble
forecast fields. The evaluation methods and main results are presented in Section 4, followed by conclusions and
discussions in Section 5. Python code with implementations of all approaches is available online (https://github.
com/jieyu97/invariantVAE).

2. Data
We focus on daily ensemble forecasts from the ECMWF's 50‐member ensemble on a spatial domain roughly
covering the European continent (− 10°–30° E and 30°–70° N). The forecasts are available as gridded fields with
regular 0.5° × 0.5° resolution in latitude and longitude. This results in 81 × 81(= 6561) grid points over Europe.
The forecasts are initialized daily at 00 UTC with a forecast lead time of 48 hr. We retrieve forecast data for all
days in the time period from 3 January 2007 to 2 January 2017 and split the data into nonoverlapping parts for
training (3 January 2007–31 December 2014), validation (1 January 2015–31 December 2015), and testing
(remainder).

For brevity, we select four exemplary meteorological variables as the basis of our evaluation: temperature at 2 m
(t2m) in Kelvin, zonal wind at 10 m (u10) in meter per second, meridional wind at 10 m (v10), and geopotential
height at 500 hPa (z500). Given the overall similarity of results across the four variables and the better repre-
sentativeness of t2m and u10 for weather forecasting, we focus on these two variables in the presentation of
results.

For each weather variable, we apply standard normalization to the raw ensemble forecast data for more stable
training of NN models. The data are standardized by subtracting a global mean and dividing by a global standard
deviation, both of which are computed over the entire data set. The parameters are computed separately for each
weather variable using the data from all grid points in the domain and all samples in the training data set.

3. Learning Distributional Representations of Ensemble Forecast Fields
This section first introduces required mathematical notation and outlines the problem to be addressed and then
presents two different frameworks for learning distributional representations of ensembles of spatial fields.
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3.1. Mathematical Notations and Problem Formulation

Throughout this paper, we aim to find lower‐dimensional probabilistic representations for ensembles of spatial
forecast fields that capture both the structural and uncertainty information of the ensemble while reducing data
complexity. The required representations are learned in a data‐driven way using suitable statistical models for
encoding and decoding the inputs. Due to the stochastic characteristic of ensembles, we focus on distributional
representations, which express the ensemble information through a suitably parameterized probability distribu-
tion defined on a low‐dimensional latent space. Such probabilistic representations offer two key conceptual
advantages: first, they encode additional uncertainty information in the latent space, which can be valuable for
downstream tasks that cannot directly handle high‐dimensional data, and second, they allow for the computa-
tionally efficient generation of numerous ensemble member fields, which are theoretically interchangeable with
the original ones, by decoding samples drawn from the latent distributions. The problem can thus be considered as
a dimensionality reduction task with distribution‐based embeddings that capture both the large‐scale spatial
structure of the forecast fields and the variability among ensemble members.

For a specific weather variable (e.g., 2‐m temperature, t2m) and time t, we denote the 50‐member ensemble
forecast by Xt2m,t = {Xt2m,t

m }
50
m=1, wherein Xt2m,t

m ∈ Rddata represents the m‐th member forecast field. The su-
perscripts t2m and t will typically be omitted for brevity. We then write X = {Xm}

50
m=1 to denote the ensemble

forecast for a given variable and a given time, for example, to refer to a data point as one training example. The
proposed dimensionality reduction methods process one meteorological variable at a time. Therefore, each
forecast field Xm comprises scalar‐valued forecast data for 81 × 81 grid locations, resulting in ddata = 6561. The
50 ensemble members are interpreted as independent samples from an unknown but identical multivariate
probability distribution P, which captures the uncertainty about the predicted weather state as follows:

Xm ∼ P for m∈ {1,… ,50}.

Each dimensionality reduction consists of an encoding part E, a decoding part D, and a latent space Rdlatent , which
hosts the encoded representations. The encoding part learns to translate the input ensemble into a representative
distribution D in the latent space, that is,

D = p(⋅∣θ = E(X)),

and the decoding part is trained to reconstruct an ensemble of forecast fields X̃ = {X̃n}
N
n=1 based on an ensemble

of samples z = {zn}Nn=1, drawn from D, that is,

X̃ = D(z),

wherein zn ∼ D for n ∈ {1,… ,N}. While N—the size of the reconstructed ensemble—can be arbitrary, in
general, we mainly consider the case N = 50, which matches the number of members in the original ensemble
forecast. We note, however, that even in this case, X̃n and Xm usually do not correspond, even if they have the
same subscript value, since X̃n is decoded from a random sample zn, which is not necessarily the adequate latent
representation of Xm with m = n. The member‐wise reconstruction of the original ensemble will be denoted

as X̂ = { X̂m}
50
m=1.

Additionally, we usually have that the latent dimension dlatent ≪ ddata. Therefore, dlatent controls the compression
level of the methods, that is, how much information from each ensemble field remains in the latent representa-
tions. As a hyperparameter of the proposed methods, the latent dimension can be adapted to the needs of
downstream tasks. In the presented case studies, we restrict our focus to lower latent dimensions ranging from 2 to
32. The information content of the representation is furthermore affected by the parametric form of the latent
distribution D, which is another design choice within the proposed method. We will assume D to be Gaussian,
that is,D = N(μ,Σ)with parameters μ ∈ Rdlatent and Σ ∈ Rdlatent × dlatent representing the distribution mean and the
covariance matrix, respectively.
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The ultimate goal of the proposed learning framework is finding suitable mappings E and D such that for mul-
tisamples z from D, the reconstructed field ensemble D(z) becomes statistically indistinguishable from ensemble
members sampled directly from the forecast distribution P. The key challenge therein lies in performing
dimensionality reduction on the space of probability distributions, which are represented through stochastically
sampled ensembles of forecast fields. In this setting, the representations of each data point (i.e., ensemble X) only
convey incomplete and stochastic information about the underlying data (i.e., forecast distribution P). This is in
stark contrast to the assumption of standard dimensionality reduction problems, which presuppose complete and
deterministic data representations. We propose two different approaches to address this problem, leveraging
statistical and ML methods, which will be introduced in the following sections.

3.2. Two‐Step Dimensionality Reduction Approaches

Our input data are 50‐member ensembles of spatial forecast fields X = {Xm}
50
m=1. The most straightforward

approach is to treat all members collectively as one input X and utilize existing dimensionality reduction methods.
However, treating the ensemble members jointly ignores their nature as interchangeable samples drawn from an
identical distribution, leading to a deterministic latent representation for the entire ensemble. This conflicts with
our goal of learning a representative low‐dimensional distribution for the ensemble of forecast fields. Further-
more, the variabilities among different ensemble members are often less distinct than those among different grid
locations in the spatial forecast fields. Consequently, the encoded deterministic representation primarily captures
the spatial structure in the data. Initial experiments with existing techniques that learn a deterministic low‐
dimensional representation of all ensemble members jointly as one input indicated that the reconstructed fore-
cast fields primarily approximate the ensemble mean and fail to reproduce any variability across individual
ensemble members.

To address the probabilistic nature of the ensemble forecast fields and preserve uncertainty information, we
propose a two‐step framework to identify a latent distribution capturing both general spatial structure and
variability within the ensemble. This framework builds on existing methods, which are used to reduce the
dimension of each ensemble member separately before merging the per‐member representations into a distri-
butional form. Specifically, we assume that a given standard dimensionality reduction approach provides a
mapping f , which maps a data item to its reduced representation, and a reconstruction function g, which restores a
data item based on its latent code.

To encode an ensemble, we proceed by treating each member forecast field separately to obtain its deterministic
low‐dimensional representations as

ẑm = f (Xm) for m∈ {1,… ,50}.

This yields an ensemble of latent representations to which we can fit a dlatent‐dimensional Gaussian distribution in
the latent space,

D =N(μ,Σ), with μ =
1
50

∑
50

m=1
ẑm, and Σ = Var( ẑ1,… , ẑ50).

Therein, μ is the estimated mean vector andΣ is the estimated covariance matrix. This corresponds to the intended
low‐dimensional probabilistic representation.

Ensemble members are reconstructed by decoding samples drawn from D, where the ensemble size N can be
chosen arbitrarily, yielding

X̃ = {g(zn)}Nn=1, with zn ∼ D, for n∈ {1,… ,N}.

These newly generated forecast fields can be considered to follow the same distribution as the member‐wise
reconstructions of the input ensemble members, X̂m = g( ẑm) , for m ∈ {1,… ,50}.
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We focus on two practical implementations of this approach using PCA and NN‐based AE as the underlying
algorithms. A schematic illustration of the AE approach is provided in Figure 1. PCA and AE are introduced in the
following sections.

3.2.1. Principal Component Analysis Approach

Principal component analysis (PCA) is a linear method that finds the projections of data onto the principal
components, which capture the largest variation in the data. The basic idea is to project all samples into a new
coordinate system, where the axes (principal components) are determined by the direction along which pro-
jections have the largest variance in descending order. For a data set of ddata dimensions, the number of principal
components is also ddata, and the dimensionality reduction is conducted by taking the projections onto only the
first dlatent principal components. The reversibility of the PCA transform allows data to be reconstructed from the
low‐dimensional representations. To provide a benchmark for comparison, we employ PCA in the two‐step
framework and refer to it as the PCA‐based approach.

The parameters of the PCA transformation are estimated from the training data, with each of the 50 original
ensemble members included as a separate training instance. The resulting transformation is then applied directly
to the test data, ensuring consistency of the principal components across ensemble members and enabling their
coherent aggregation for further analysis. A potential concern with this joint estimation approach is that the
leading principal components might reflect different sources of variability, such as spatial or member‐wise ef-
fects. In our analysis, however, we find that the dominant modes of variation correspond to spatial patterns, while
variability across ensemble members is comparatively minor. Therefore, the PCA‐based representations tend to
capture systematic features of the atmospheric state shared across ensemble members, rather than member‐
specific noise, which aligns with the goal of our two‐step framework.

In many real‐world data sets, linear transformations are not adequate to compress key information, and a variety
of nonlinear dimensionality reduction techniques have been proposed. Examples include kernel PCA (Schölkopf
et al., 1997), Isomap (Tenenbaum et al., 2000), and locally linear embedding (LLE; Roweis and Saul (2000)).
While these methods provide effective low‐dimensional representations, the process of converting them back to

Figure 1. Schematic overview of the two‐step dimensionality reduction methods based on principal component analysis and
autoencoder models.
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the original data space introduces additional challenges. The inverse transformations for those nonlinear tech-
niques often require additional training procedures, as exemplified by the preimage problem for kernel PCA
(Kwok & Tsang, 2004; Mika et al., 1998). AE models, on the other hand, have emerged as a more flexible and
now widely used alternative in reconstructing data from latent features. Since PCA can be considered as a linear
case of a simple NN, it is a natural reference method.

3.2.2. AE Neural Network Approach

AEs are NNmodels for unsupervised learning that aim to replicate the input as their output. A typical AE features
an internal bottleneck layer with fewer nodes than the input and output layers, dividing the network into two
distinct components, the encoder and the decoder. This bottleneck imposes a constraint that makes it more
difficult for the network to simply memorize every detail of the input. The encoder f and the decoder g can be
formulated as two mappings, following the notations in Section 3.1 as follows:

f (Xm) = ẑm, g( ẑm) = X̂m, for Xm, X̂m ∈Rddata , ẑm ∈Rdlatent and m∈ {1,… ,50}.

The encoder network f maps one input forecast field Xm to its latent representation ẑm from the bottleneck layer,
with dlatent typically much smaller than ddata. The decoder network gmaps one latent representation ẑm back to the
corresponding reconstruction X̂m, the output of the AE, which aims to reproduce the input Xm. Training AEs
involves minimizing differences between the deterministic input and output, often using mean square error (MSE)
as a loss function.

The deterministic latent code ẑm obtained from the encoder naturally functions as a compact representation of the
input, capturing essential features needed for the decoder to reconstruct the original data. In addition to
dimensionality reduction applications (Hinton & Salakhutdinov, 2006; W. Wang et al., 2014; Y. Wang
et al., 2016), AE models have also found applications in other domains, such as anomaly detection (Sakurada &
Yairi, 2014; Zhou & Paffenroth, 2017) and image denoising (Gondara, 2016). AEs exist in many variants,
developed for different applications, including, for example, sparse AEs for classification tasks (Baccouche
et al., 2012).

Our AE model for the AE‐based dimensionality reduction approach is a shallow NN utilizing fully connected
dense layers in both the encoder and the decoder. The model is trained to minimize the mean absolute error
between the input forecast field and the reconstructed field obtained as output. Model parameters are optimized on
the training and validation data including all ensemble members as separate instances, analogous to the setup used
for PCA. Hyperparameter tuning is performed using the Bayesian optimization algorithm HyperBand (Li
et al., 2018) implemented in the Ray Tune Python library (Liaw et al., 2018). The final AE model configuration
consists of layers with sizes “6,561 – 4,096 ‐ dlatent” in the encoder and “dlatent − 4,096 − 6,561” in the decoder,
where 6,561 refers to the size of the input and output layers corresponding to the flattened grid, 4,096 represents
the size of the hidden layers, and dlatent corresponds to the size of the bottleneck layers that captures the latent
representations. The LeakyReLU activation function is applied in the hidden layers of both the encoder and the
decoder. We utilize the AdamW optimizer (Loshchilov & Hutter, 2019) with a learning rate decay scheduler
starting from 10− 4 to stabilize the training process. Minibatch training is employed with a batch size of 1,024 to
enhance training efficiency, and samples in all batches are randomly shuffled in each training epoch. To prevent
overfitting, an early stopping criterion with a patience of 20 epochs on the validation loss is applied. We also
investigated more sophisticated frameworks for the encoder and the decoder during initial experiments, including
convolutional layers with residual blocks (He et al., 2016), and a vision transformer (ViT)‐based (Dosovitskiy
et al., 2021) architecture. However, these more complex approaches did not yield notable improvements, and we
prioritize a conceptually simpler framework with only dense layers for our NN models but note that future im-
provements might be possible with alternative architectures.

3.3. Invariant Variational Autoencoder Approach

The two‐step framework developed for ensemble forecast fields can, in principle, be generalized to other
dimensionality reduction techniques beyond PCA and AE. However, a conceptual disadvantage of the approach is
the assumption of Gaussian‐distributed representations in the latent space, which is somewhat decoupled from the
training process.
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To address this limitation, we propose an ensemble‐invariant framework based on VAEs. VAEs (Kingma, 2013)
are generative ML methods that leverage variational inference to learn a probabilistic representation in latent
space. In contrast to standard AEs, VAEs connect an encoder network to its decoder through a probabilistic latent
space, which corresponds to the parameters of a prespecified probability distribution. Thereby, the encoder
network maps input samples to parameters of the latent space distribution, and the decoder network maps samples
drawn from the distribution in the latent space back to the data space by generating new data points decoded from
the samples. The reparameterization trick (Kingma & Welling, 2019) enables the simultaneous training of the
encoder and the decoder using backpropagation by transforming the sampling process to make it differentiable.
VAEs have been widely applied in various domains, including image generation, denoising, and inpainting (An &
Cho, 2015; Pu et al., 2016). Moreover, the VAE framework has inspired the development of extensions targeting
different aspects of feature representations and applications. Examples include importance‐weighted AEs (Burda
et al., 2016), the combination of a VAE with a generative adversarial network (Larsen et al., 2016), Wasserstein
AEs (Tolstikhin et al., 2019), and Sinkhorn AEs (Patrini et al., 2020).

The inherently probabilistic nature of VAEs makes them potentially effective for the problem at hand. The
standard VAE model is trained to learn a latent distribution for a single instance from the input data, where
samples drawn from the latent distribution are decoded to data points close to the corresponding instance. If we
consider each ensemble member separately, the VAE model would thus learn different latent distributions for
different members from the same forecast case. Therefore, we need to adapt the VAE framework to jointly learn
one latent distribution for all ensemble members and decode samples from the latent distribution to newly
generated members that follow the same distribution as the inputs. To address this challenge, we propose an
invariant VAE (iVAE) model, inspired by the permutation‐invariant NN framework in the Deep Sets architecture
(Zaheer et al., 2017). The encoder of our iVAE model follows such a permutation‐invariant framework and is
invariant to any permutation on the order of ensemble members. A schematic overview of our iVAE model is
available in Figure 2.

The main difference between our iVAE model and a standard VAE lies in the inputs and the corresponding
encoder architecture. Our iVAE model takes the full ensemble of 50 members as a single training instance and
outputs a reconstructed ensemble of multiple members, thereby enabling probabilistic input and output in the
empirical format. In contrast, a standard VAE processes only one ensemble member per training instance,
analogous to the setup used in the PCA‐ and AE‐based approaches, and its optimization still relies on the
reconstruction error between deterministic input and output. The encoder of our iVAE is shared across all 50
ensemble members within a single input instance and is specifically designed to be invariant to the order of these
interchangeable members. The shared encoder comprises two separate encoder parts, which we denote by e1 and
e2; see Figure 2. For a given 50‐member ensemble X = {Xm}

50
m=1, the first encoder is applied to each ensemble

member forecast field Xm iteratively to obtain intermediate representations y = {ym}
50
m=1, that is,

ym = e1 (Xm), for m∈ {1,… ,50}.

Figure 2. Schematic illustration of the invariant variational autoencoder model.
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These intermediate representations are interchangeable since their original input fields are assumed to follow the
same distribution. Next, we average the 50 intermediate representations to summarize key features learned from
all ensemble members, that is,

ȳ =
1
50

∑
50

m=1
ym,

which ensures that the shared encoder is permutation‐invariant. Note that other pooling operations such as
maximum or minimum pooling could also be applied, though we did not observe improvements in our initial
experiments. Subsequently, the second encoder is applied after this average pooling step. Similar to standard
VAEs, a probabilistic encoder e2 with parameters ϕ is applied to approximate the posterior distribution p(z|X) in
the latent space using a parameterized distribution qϕ(z|X) = N ( z;μ, diag(σ2)). After applying the reparamet-
rization trick, we obtain

ϵn ∼N(0, I),

(μ, logσ) = e2(
1
50

∑
50

m=1
e1 (Xm)),

zn = μ + σ ⊙ ϵn.

The latent distributionN ( z;μ, diag(σ2)) is thus the low‐dimensional probabilistic representation of the ensemble
forecast fields that we aimed for. The decoder d with parameters θ is then applied to the sample zn from the latent
distribution to generate reconstructed forecast field X̃n, parameterizing the likelihood pθ(X|z) in the data space. In
contrast to standard VAEs, we decode an arbitrary number N of samples z = {zn}Nn=1 for each data point, pro-
ducing an ensemble of reconstructed forecast fields as output.

The architecture of our iVAE is built on the AEmodel discussed above and employs fully connected dense layers.
The shared encoder adds an average pooling layer to the encoder of the AE model, consisting of e1 with one layer
of size “6,561 − 4,096” and e2 with two layers of sizes “4,096 − 4,096 − dlatent,” while the decoder follows the
same structure as the decoder of the AE with layers of sizes “dlatent − 4,096 − 6,561.” The LeakyReLU activation
function is again applied in the hidden layers, and the same AdamW optimizer and early stopping criterion are
applied. Due to the significantly increased memory requirements for training the iVAE model, we employ
minibatch training with a batch size of 64.

The training objective of a standard VAE is to maximize the evidence lower bound on the marginal likelihood of
the data,

L(θ,ϕ) = logpθ(X|z) − DKL (qϕ(z|X)‖ pθ(z)),

which consists of a negative reconstruction error and a regularization term. The reconstruction error − logpθ(X|z)
measures how well the model reconstructs the input data, which is proportional to the MSE with the Gaussian
assumption on the data distribution for deterministic input and output. The regularization term is the Kullback‐
Leibler divergence between the approximate posterior qϕ(z|X) from the encoder and the prior pθ(z) of the latent
code z, where standard multivariate Gaussian distributions are often used as the prior.

In our case, however, the probabilistic nature of both input and output of the iVAE necessitates a different notion
of the reconstruction error used for model training. Our iVAE model takes an ensemble of forecast fields

X = {Xm}
50
m=1 as input and generates an ensemble of reconstructed fields X̃ = {X̃n}

N
n=1 with sizeN as output. The

number N is not necessarily equal to 50, and each input member, Xm, does not match the corresponding output
member X̃n for m = n due to the random sampling of latent distribution. Therefore, the MSE between Xm and X̃n
is not a suitable choice for estimating the reconstruction error. Given that both the input and output ensembles of
the iVAE can be considered to be multivariate empirical probability distributions, notions of the distance between
the two distributions yield a more appropriate choice. We thus incorporate two such metrics into the iVAE
training objective. Specifically, we use the energy distance and the Sinkhorn distance, which will be introduced in
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Section 4.1, for measuring different aspects of distances between multivariate probability distributions. The
reconstruction error of our iVAE is defined as the weighted sum of the energy distance and the Sinkhorn distance,
complemented by the Kullback‐Leibler divergence as a regularization term. The three loss components exhibit
significantly different scales, necessitating rescaling to ensure that their value ranges are comparable. By
comparing the mean values of different loss components over the first 20 epochs of training, we applied the
following adjustments: the KL divergence was divided by 10, the energy distance was multiplied by 2 for both
weather variables, and the Sinkhorn distance was divided by 50 for temperature and by 500 for wind speed. The
loss function of our iVAE model for temperature data thus is

ℓ(X, X̃) = ω1 ⋅ 2D(X, X̃) + ω2 ⋅
1
50

SD(X, X̃) + ω3 ⋅
1
10

DKL (qϕ(z|X)‖ pθ(z)), (1)

where D(⋅) represents the energy distance and SD(⋅) denotes the Sinkhorn distance. This choice of loss function
reflects a key conceptual difference from the PCA‐ and AE‐based approaches, as the iVAE model treats all
interchangeable ensemble members jointly as an empirical distribution in both the inputs and outputs and directly
learns a distributional representation in the latent space. In our preliminary experiments, we observed that
assigning a high weight to the KL divergence component in the loss function restricts the information flow
through the bottleneck of the network, which results in outputs that fail to preserve the general spatial patterns of
the input forecast fields. To mitigate this issue and alleviate posterior collapse, we, like many other studies,
heuristically selected a small weight ω3 = 0.01 for the KL divergence component. For a more comprehensive
understanding of the posterior collapse problem, we refer to Lucas et al. (2019). Regarding the two components
used to measure reconstruction error, we assign equal weights of ω1 = ω2 = 0.5. Additional analyses on the
sensitivity of the evaluation results to alternative weighting choices are provided in Supporting Information S1
(Chen et al., 2025). A more detailed investigation of factors such as ensemble spread, the representation of ex-
tremes, and the energy spectrum of perturbations under different weighting choices offers a natural extension of
the current study. Beyond fixed weights, approaches allowing for dynamically adapted weighting schemes have
been proposed (Clark Di Leoni et al., 2023; Foldes et al., 2024; Groenendijk et al., 2021; Heydari et al., 2019),
which may offer further improvements and represent an interesting direction for future work.

4. Results
In the following sections, we first briefly introduce the evaluation methods tailored for our specific problem. Then
we present and discuss the corresponding results for the dimensionality reduction methods introduced above.
Finally, we analyze the encoded low‐dimensional representations from different methods in an exemplary use
case.

4.1. Evaluation Methods

Choosing appropriate evaluation methods for our specific setting presents a challenge. Two primary perspectives
guide our evaluation: assessing the accuracy of the reconstructed ensemble forecast fields in comparison to the
original ensemble fields and analyzing the information content of the encoded low‐dimensional representations.
Evaluating the latter is particularly challenging as there naturally is no ground truth information for the repre-
sentations, and the suitability will strongly depend on the application use case. Therefore, our main focus is on
discrepancy measures between the reconstructed output and the original input ensemble fields. The discrepancy
could be evaluated in terms of independent pixel‐wise errors at each grid point, and joint, whole‐image evaluation,
where the entire forecast field is considered at once. Several evaluation metrics are available for both settings and
will be introduced in the following.

All three dimensionality reduction approaches encode a low‐dimensional Gaussian distribution for representing
an ensemble of forecast fields. We draw 50 samples from the encoded distribution and decode them into
reconstructed forecast fields to enable a fair comparison when assessing the discrepancy with the raw 50‐member
ensemble. As discussed above, the reconstructed ensemble members do not necessarily match the individual raw
ensemble members, which prohibits measuring the pairwise differences directly. As an alternative, we compare
the mean and standard deviation of all ensemble members between the raw and reconstructed fields at each grid
point, providing insight into how well the model captures general characteristics of the input ensemble. Given an
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ensemble of spatial forecast fields X = {Xm}
50
m=1 and an ensemble of reconstructed fields X̃ = {X̃n}

N
n=1 with

N = 50, we compute the absolute difference of ensemble means and the standard deviation difference at each grid
point (i, j),

e(i,j) =

⃒
⃒
⃒
⃒
⃒

1
50

∑
50

m=1
Xm,(i,j) −

1
N
∑
N

n=1
X̃n,(i,j)

⃒
⃒
⃒
⃒
⃒
, Δ(σ)(i,j) = σ(X(i,j)) − σ( X̃(i,j)),

where i, j ∈ {1,… ,81} and σ(⋅) denote the standard deviation of the respective ensemble.

We further consider probabilistic measures to quantify the discrepancy between two distributions of the en-
sembles used as inputs and obtained as outputs. The evaluation of ensemble forecast fields could be executed
pixel‐wise, considering the (one‐dimensional) univariate distribution at each grid point, or for the whole image,
treating all grid points together as a high‐dimensional multivariate distribution. Measuring the divergence be-
tween two distributions for evaluating climate models in the univariate setting has been studied by Thorarinsdottir
et al. (2013), and here, we consider the distance measures for both univariate and multivariate settings, utilizing
the energy distance and optimal transportation distances. The multivariate measures are also integrated into the
reconstruction error component of the loss function for training our iVAE models, as discussed earlier in
Section 3.3.

The energy distance introduced by Székely and Rizzo (2013) is a metric that measures the distance between two
probability distributions. Following our notations in Section 3.1, consider an ensemble of forecast fields

X = {Xm}
50
m=1 and reconstructed fields X̃ = {X̃n}

N
n=1 in Rddata with N = 50, with the assumption that the

ensemble members follow an identical distribution, that is, Xm ∼ P for m ∈ {1,… ,50} and X̃n ∼ P̃ for
n ∈ {1,… ,N}. The squared energy distance between P and P̃ can be estimated in terms of expected pairwise
distances between the two ensembles of samples,

D2 (X, X̃) =
2

50N
∑
50

m=1
∑
N

n=1

⃦
⃦Xm − X̃n

⃦
⃦ −

1
502

∑
50

m1=1
∑
50

m2=1
‖Xm1

− Xm2
‖ −

1
N2 ∑

N

n1=1
∑
N

n2=1

⃦
⃦X̃n1 − X̃n2

⃦
⃦,

where ‖⋅‖ is the Euclidean norm in Rddata . The energy distance D(X, X̃) is negatively oriented and is zero if and
only if the two empirical distributions with samples X and X̃ coincide. In the univariate setting of pixel‐wise
evaluation, the squared energy distance at each grid point (i, j) is thus

D2
(i,j) =

2
50N

∑
50

m=1
∑
N

n=1

⃒
⃒Xm,(i,j) − X̃n,(i,j)

⃒
⃒ −

1
502

∑
50

m1=1
∑
50

m2=1
|Xm1,(i,j) − Xm2,(i,j)|

−
1
N2 ∑

N

n1=1
∑
N

n2=1

⃒
⃒X̃n1,(i,j) − X̃n2,(i,j)

⃒
⃒.

The univariate squared energy distance is closely related to the Cramér distance (Rizzo & Székely, 2016), which
is also known as the integrated quadratic distance (Thorarinsdottir et al., 2013) for evaluating probabilistic
forecasts from climate models. The computation of univariate energy distance D(i,j) follows existing Python
implementations from the scikit-learn library (Pedregosa et al., 2011), while the multivariate energy
distance D(X, X̃) is implemented by custom code.

The optimal transportation distances, also known as the p‐Wasserstein distances (Kantorovich, 1960), are another
type of metric that measure distances between two probability distributions. The general optimal mass transport
problem aims to find the optimal strategy to transport probability mass from one probability measure into another
while minimizing the transportation cost, where the p‐Wasserstein distance is the minimum total cost with the
cost function c(x,y) = |x − y| p. Optimal transportation distances have found broad applications in ML in recent
years (Arjovsky et al., 2017; Courty et al., 2016; Frogner et al., 2015). For an overview of the theory and
methodology of optimal transportation distances and their applications, we refer to Kolouri et al. (2017). In our
univariate setting of pixel‐wise evaluation, the empirical format of 1‐Wasserstein distance is considered. The
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1‐Wasserstein distance between an input ensemble of forecast fields X and an output ensemble of reconstructed
fields X̃ at each grid point (i, j) is estimated based on order statistics,

W1,(i,j) =
1
50

∑
50

k=1

⃒
⃒X(k),(i,j) − X̃(k),(i,j)

⃒
⃒,

where the subscript ⋅(k) denotes the k‐th order of values. We follow existing Python implementations from the
scikit-learn library (Pedregosa et al., 2011) for the computation of univariate 1‐Wasserstein distance
W1,(i,j). In the multivariate setting of whole‐image evaluation, estimating the Wasserstein distance between two
high‐dimensional distributions requires substantial computational cost and is thus not suitable for both evaluation
tasks and particularly the integration into the iVAE training loss. The Sinkhorn distance proposed by
Cuturi (2013) provides a computationally efficient approximation of the Wasserstein distance by leveraging
entropic regularizations.We thus utilize the Sinkhorn distance as an alternative and follow the Sinkhorn algorithm
proposed in Eisenberger et al. (2022) for a memory‐efficient estimation. TheMSE is used as the cost function, that
is, c(x,y) = ‖x − y‖ p with p = 2. Thereby, the estimated Sinkhorn distance SD(X, X̃) approximates the
2‐Wasserstein distance between X and X̃ ,

W2 = inf
π
(∑

50

k=1

⃦
⃦Xk − X̃π(k)

⃦
⃦2
)

1/2

,

where π denotes all possible permutations.

To compare different methods based on the same distance measure with respect to a benchmark, we further
compute the associated skill score for analyzing the relative performances. Among our three dimensionality
reduction approaches, the PCA‐based approach is naturally taken as the reference baseline method. For each day
in the test set, we first compute either the mean distance over all grid points for the pixel‐wise metric or directly
take the distance measure for the entire grid as the score Sa of a certain approach. The skill score SSa is then
calculated via

SSa =
Sref − Sa
Sref − Sopt

,

where Sref is the corresponding score of the reference PCA‐based approach, and Sopt = 0 represents the score of
an optimal method, that is, an ideal model that replicates its input ensemble members perfectly. Skill scores are
positively oriented and have an upper bound of 1, where a positive value indicates better performance than the
benchmark, and a value of 0 indicates no improvement over the benchmark.

For brevity, we present only the results for the energy distances in the main text, whereas the results concerning
the optimal transport distances are deferred to Supporting Information S1.

4.2. Reconstruction Accuracy

We compare the accuracy of the reconstructed ensemble forecast fields obtained by the three different approaches
(i.e., PCA‐based and AE‐based two‐step methods and the iVAE approach). In the interest of brevity, we here
focus on 2‐m temperature (t2m) and 10‐m zonal wind speed (u10). The 10‐m meridional wind speed and the
geopotential height at 500 hPa were also investigated in initial experiments but showed generally similar results
and are thus not discussed here.

Figure 3 shows examples of input forecast fields along with reconstructed ensemble members generated by the
different approaches. To enable a clearer comparison across ensemble members, the ensemble mean has been
subtracted from each member in both the raw and reconstructed data. As discussed above and in light of our aim of
learning representations of the underlying probability distributions, the reconstructed ensemble members should
not be expected to perfectly match the input even though the selected fields are from the same forecast day. For
both target variables, all approaches are able to capture the general spatial structure in the raw fields despite
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reducing the dimensionality from 6,561 to 32, but neither of them is able to realistically replicate the localized fine
patterns. The reconstruction quality and level of fine‐scale details can be improved for higher‐dimensional latent
representation. Animated figures cycling through all ensemble members of reconstructed fields in comparison to

Figure 3. Exemplary raw forecast fields and reconstructed forecast fields of 2‐m temperature (top) and the 10‐m zonal wind
speed (bottom) by different methods, substracting the ensemble mean with a latent dimension of 32. The rows correspond to
three randomly picked ensemble members for the same forecast day.
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the corresponding ensemble of raw fields for the same forecast day, with or without substracting the ensemble
mean, indicate that the iVAE method tends to reproduce larger but still realistic variability among different
ensemble members compared to the other two methods. The animated figures are available in Supporting
Information S1.

To assess the reconstruction quality in terms of general summary statistics of the input and output ensemble fields,
Figure 4 shows pixel‐wise absolute differences of the corresponding ensemble mean and standard deviation
values for temperature data. For all methods, the differences between the summary statistics of the input and
reconstructed ensemble fields decrease with increasing dimensionality of the latent representations. In terms of
the deviations of the ensemble mean, the two NN‐based methods show slightly better performance in lower‐
dimensional settings, while PCA shows minimally better performance for the largest dimensionality consid-
ered here. However, these differences are very minor, in particular when compared to the variability within the
boxplots. More substantial differences can be observed for the standard deviation among the reconstructed
ensemble members, where only the iVAE approach is able to produce variability among the members of a

Figure 4. Boxplots of mean absolute differences between the mean values of input and reconstructed ensemble fields (top)
and differences between the standard deviations of input and reconstructed ensemble fields (bottom) at each grid point.
Boxes show performance variability over 366 days in the test set of different methods for 2‐m temperature data, considering
five different dimensionalities of the latent representation. The mean values of the (absolute) differences are indicated below
each box. The differences between the standard deviations are computed such that negative values indicate a larger
variability of the reconstructed ensemble compared to the input ensemble.
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magnitude that matches the raw ensemble, whereas the reproduced ensembles from both two‐step methods
notably underestimate the variability of the input. Qualitatively similar results are obtained for the wind speed
data, shown in Figure 5, where the better performance of the iVAE approach at correctly reproducing the vari-
ability across ensemble members is even more apparent.

For a more detailed assessment of the probabilistic reconstruction quality, Figure 6 shows skill scores based on
energy distances between input and reconstructed temperature ensemble forecast fields for the AE‐based and
iVAEmethods, with the PCA‐based method as a baseline. Positive values indicate an improvement in terms of the
energy distance over the reference method. For example, a skill score of 0.1 corresponds to a 10% lower energy
distance than PCA. The iVAE method consistently outperforms the other two approaches across all latent di-
mensions and in both univariate and multivariate evaluation. These improvements are likely due to the variability
of the reconstructed ensemble fields being close to the input ones as discussed in Figure 4 and potentially benefit
from the inclusion of the multivariate energy distance as part of the loss function. The AE‐based two‐step
approach generally outperforms the PCA‐based approach, but the improvements are less pronounced than for
the iVAE method, and poorer performance is observed for multivariate energy distances with a latent dimension
greater than 8. Both NN‐based approaches show less distinct improvements over the PCA‐based method with
increasing latent dimensions, possibly because PCA is sufficient to capture most of the variability information in
the raw ensemble forecast fields when the dimension of representations is suitably large. Similar conclusions can

Figure 5. As Figure 4, but for 10‐m zonal wind speed.
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be drawn for the wind speed data; see Figure 7. The most notable difference to the results for temperature data is
that the AE‐based method consistently outperforms the PCA‐based method here, and the largest improvements
from the iVAE method occur at a latent dimension of 4.

4.3. Exploratory Analysis of the Encoded Representations

Here, we focus on another interesting question, which is whether the encoded representations in the low‐
dimensional latent space carry any relevant meteorological information or can offer additional insights about
the data at hand. To that end, we focus on the temperature forecast data and try to detect seasonal patterns in the
encoded representations. We restrict our attention to latent representations of dimension 2 to enable graphical
visualization. Figure 8 shows scatterplots of the components of the mean vector of the encoded latent distributions
for the different approaches.

The mean vectors of the latent representations from all three methods show clear patters corresponding to the
seasonality of the 2‐m temperature. In terms of the first coordinate on the x‐axis, a clear separation into months
typically associated with warmer or colder temperatures can be observed for all methods. The AE‐ and iVAE‐

Figure 6. Boxplots of skill scores based on energy distances between the input and reconstructed ensemble fields over the
366 days in the test set for temperature data. The panels show mean univariate energy distances over all grid points (top) and
multivariate energy distances computed for the entire fields (bottom). The principal component analysis‐based approach
shown in green dashed line is the reference method. The respective mean skill values are indicated below each box.
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based representations further show some level of separation along the second coordinate on the y‐axis, in
particular between months in spring and autumn.

Similar scatterplots for the 10‐m zonal wind speed are available in Supporting Information S1; however, there is a
less clear seasonal pattern and a larger variability within individual months. We further explored the connection of
the encoded representations of ensemble forecast fields of geopotential height at 500 hPa to quasi‐stationary,
recurrent, and persistent large‐scale atmospheric circulation patterns, so‐called weather regimes (Grams
et al., 2017). While there are noticeable patterns and clusters which could be incorporated into postprocessing
models (Mockert et al., 2024), the analysis is more involved and a more detailed investigation is left for future
work. Some first results are available in Supporting Information S1. Further, exploring the information content of
latent space representations using alternative techniques that have been proposed provides another promising
starting point for future research; see, for example, Burgess et al. (2018), Locatello et al. (2019), and Rodríguez‐
Pérez and Bajorath (2020).

5. Discussion and Conclusions
We propose two types of approaches to learning probabilistic low‐dimensional representations of ensemble
forecast fields, which aim to treat them as interchangeable samples from an underlying high‐dimensional
probability distribution. The two‐step framework based on traditional PCA or AE models treats each ensemble

Figure 7. As Figure 6, but for 10‐m zonal wind speed.
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member as an individual instance to learn deterministic latent representations and subsequently fits a multivariate
probability distribution to the encoded representations of all ensemble members in the latent space. By contrast,
the iVAE approach considers all ensemble members jointly as a single input and incorporates their inter-
changeable nature into the encoder design, thereby directly learning a probabilistic latent representation that
captures the uncertainty present in the original ensemble. The proposed approaches offer two key conceptual
advantages: first, they enable efficient dimensionality reduction of ensemble forecast fields within a probabilistic
framework, where the encoded latent distributions encapsulate both structural and uncertainty information from
the input ensemble; second, they allow for the computationally efficient generation of additional synthetic
ensemble members beyond the size of the input ensemble, providing a straightforward way to expand the forecast
ensemble and thereby improve uncertainty quantification. Systematic comparisons of PCA‐ and AE‐based ap-
proaches and the iVAE in case studies on temperature and wind speed forecasts over Europe indicate that the two
NN‐based approaches show promising results both in terms of the quality of reconstructed forecast fields and the
informativeness of encoded latent representations. While the results vary across all considered evaluation metrics,
the iVAE model specifically performs best at preserving the variability information of the input ensemble
forecasts. When compared to PCA, the NN‐based methods generally show better performance for lower latent
dimensions, whereas PCA yields equally good or even better reconstructions when the latent dimension is large.
Overall, all three proposed methods require substantial memory capacity due to the large volume of the ensemble
forecast data sets (approximately 9 GB for a single weather variable). Nevertheless, both the AE and iVAE
models typically converge within 100 epochs. While the computational costs of training the iVAE are consid-
erably higher than those of the AE‐ and PCA‐based approaches, they remain manageable since the architectures
are relatively shallow and consist solely of dense layers.

Despite the promising results, there are limitations to both types of approaches. All three methods assume a
multivariate Gaussian distribution in the latent space, which might limit their applicability across different
weather variables, specifically for variables such as precipitation, where the distribution should account for
potential point masses at zero. A particular challenge in the specific setting of our dimensionality reduction
problem is the evaluation of different approaches. In our experiments, we considered both deterministic and
probabilistic metrics to assess the quality of reconstructed forecast fields. However, there is a general lack of
suitable probabilistic evaluation tools that take into account structural aspects of the (ensemble of) forecast fields,
compared to perception‐based metrics proposed in the computer vision literature such as the widely used
structural similarity index (Z. Wang et al., 2004). Spatial evaluation approaches proposed in the meteorological
literature might offer useful starting points but are often heuristics‐based, tailored to specific variables such as
precipitation, and not straightforward to extend toward probabilistic settings; see, for example, Gilleland
et al. (2010) and Dorninger et al. (2018) for overviews.

Figure 8. Scatterplots of the components of the mean vector of encoded two‐dimensional representations of temperature for the three different dimensionality reduction
methods. The points are colored according to the month of the corresponding forecast date.
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The proposed approaches provide several avenues for further generalization and analysis. Evidently, it would be
of interest to investigate the scalability of the proposed methods toward larger grids and higher resolution forecast
fields, as well as other variables. In particular, spatial forecasts of precipitation have been a focal point of research
interest, for example, in spatial verification (Roberts & Lean, 2008). As noted above, the assumption of Gaus-
sianity in the latent space would be a limitation, and adopting more flexible latent distributions, for example,
through variational inference with non‐Gaussian priors or normalizing flows, represents a promising direction for
future work. Further, while we applied the dimensionality reduction methods separately to ensemble forecast
fields of different variables, it would be interesting to apply them jointly to forecasts of multiple variables, and
potentially over multiple forecast lead times. Previous results indicate that capturing small‐scale variability,
particularly in regions with complex terrain, remains challenging. Training models to reproduce the perturbations
of each ensemble member relative to the ensemble mean may simplify this task and represents another potential
avenue for further investigation. The normalization scheme could also be adapted to mitigate seasonal cycles,
particularly for temperature, while forecast time information could be incorporated as additional predictors during
model training. Furthermore, more advanced NN architectures, such as transformers, could be integrated as
components of the AE‐based or iVAE approaches to potentially improve performance. Given the recent de-
velopments in modern AI‐based weather forecasting, the generation of AI‐based ensemble forecasts (Bülte
et al., 2025; Kochkov et al., 2024; Mahesh et al., 2024; Price et al., 2025; Zhong et al., 2024) might be another
potential application of interest.

Finally, an important next step is to make progress toward integrating the proposed dimensionality reduction
methods into downstream tasks. As discussed in the introduction, a key motivation for learning low‐dimensional
latent representations was to use those representations either as input data in, for example, hydrological or energy
forecasting models, or to augment the input for NN‐based postprocessing models (Lerch & Polsterer, 2022).
Further examples of potential applications include (sub)seasonal weather prediction, where PCA‐based repre-
sentations of ensemble forecast fields have been used as inputs to MLmodels (Kiefer et al., 2023, 2024; Scheuerer
et al., 2024), as well as analog forecasting, where compressed information from raw forecasts could be utilized for
a more efficient generation of analogs (Grooms, 2021; Yang & Grooms, 2021). It is important to note that the
quality requirements relevant to such applications differ from those in data reduction applications with a focus on
data storage and management (see, e.g., Düben et al., 2019; Höhlein et al., 2022). While such approaches pursue
accurate reconstruction as the central quality criterion, the achievable reconstruction quality may be decoupled
from the information value of compressed representations in integrated modeling workflows. For example, in the
specific context of incorporating encoded representations of spatial input fields into NN‐based postprocessing
models, one has to carefully balance the added value of the spatial information and the increased number of input
predictors when the availability of training data is limited. In the setting of Lerch and Polsterer (2022), we did not
find any improvements when using encoded representations of the full ensemble of forecast fields instead of the
mean forecast only. One explanation in line with other findings from related work (Feik et al., 2024; Höhlein
et al., 2024) might be that for postprocessing, there seems to often be little value of including full information
from an ensemble beyond simple summary statistics.
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