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Abstract. Ensemble forecast post-processing techniques are often applied to improve the reliability of the weather forecast.
These methods issue a future predictive distribution which is better calibrated and as sharp as possible. While the field of
forecast post-processing has been rapidly advancing, especially with the advent of machine learning, many challenges remain:
post-processing models often assume the target distribution or require specialised distributions for each target variable, they
require separate models for each lead time or location, and frequently forgo the explicit modelling of the temporal correla-
tion structure in the target variable. In this work, we aim to address the outlined shortcomings by proposing a novel post-
processing method which combines normalising spline flows and flow matching. This combination allows us to efficiently
estimate marginal distributions and generate temporally correlated post-processed forecasts, useful for downstream applica-
tions. We evaluate our model on the openly available EUPPBench dataset, post-processing three target weather variables:
temperature, precipitation, and wind gusts. Our method achieves competitive results for both marginal and joint distribution
post-processing for all considered weather variables, rivalling current state-of-the-art techniques. Furthermore, we show that
our joint lead-time post-processing approach extends its performance margin in a predictor-limited environment compared to

per-lead-time methods.

1 Introduction

Numerical weather predictions (NWP) form the backbone of today’s weather forecasting pipeline, impacting multiple aspects
of our society, ranging from agriculture to transportation (Bauer et al., 2015). These forecasts are frequently issued as an ensem-
ble, its plurality conveying an estimate of uncertainty. NWPs are increasingly reliable and accurate, yet they still exhibit biases
and systematic errors (Vannitsem et al., 2021), which result from estimation errors in the initial conditions, sub-grid parameter-
isations, and resolution constraints. We can partially address these forecast shortcomings by statistically post-processing raw
ensemble weather forecasts, such that they better represent measurements of relevant weather variables. The post-processed
forecast is often explicitly or implicitly provided as a probability distribution, describing the uncertainty of the forecast at a
specific time and location. The roster of post-processing methods is extensive, and we direct the reader to Vannitsem et al.
(2021) for a general overview of the field.

Machine learning techniques have recently become more prevalent in the field of forecast post-processing (Rasp and Lerch,



25

30

35

40

45

50

55

https://doi.org/10.5194/egusphere-2026-3490
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

2018; Schulz and Lerch, 2022; Mlakar et al., 2024; Chen et al., 2024; Feik et al., 2024; Biilte et al., 2025; Landry et al., 2026),
producing state-of-the-art results and frequently outperforming other conventional approaches in terms of accuracy and relia-
bility. Machine learning methods span multilayer perceptron (MLP) models (Rasp and Lerch, 2018), generative models (Chen
et al., 2024), graph neural networks (Feik et al., 2024; Biilte et al., 2025), and transformer-based architectures (Landry et al.,
2026). The ability to incorporate a wide range of predictors and generate spatially dependent forecasts is one of the features
bolstering their growing popularity.

However, many challenges remain in this rapidly developing field. The majority of state-of-the-art deep learning post-processing
techniques operate on a per-lead-time basis, requiring multiple models per lead time. Furthermore, if a model were to post-
process multiple lead times concurrently, it would usually neglect the potential temporal correlation structure of the forecast,
which could be exploited to improve its performance. This also implies that the estimation of temporally correlated post-
processed forecasts using deep learning has, to the best of our knowledge, likewise not been explicitly addressed. Lastly, post-
processing different target weather variables often requires tailored distribution models to account for their idiosyncrasies,
slowing development. This is especially true for complex distributions such as the one describing the frequency of observed
precipitation amounts, which is a part-discrete, part-continuous distribution. In this work, we propose the Temporally Corre-
lated Atmosphere Network (TC-ANet), a novel post-processing method which addresses the above-mentioned shortcomings.

Our main three contribution are:

— Extracting cross-lead-time information using a novel forecast encoder network and identifying contexts where such

an approach yields the highest predictive gain.

— Flexible censored marginal distribution modelling via a modified normalising spline flow (Durkan et al., 2019) train-
ing procedure, enabling the model to correctly approximate zero-inflated point mass distributions such as that of precip-

itation.

— Joint temporal forecast modelling through a combination of continuous and discrete flow matching (Lipman et al.,

2023), tailored for a robust estimate of both continuous and zero-inflated point mass joint distributions.

A detailed description of each contribution is provided in the following three subsections.
1.1 Combining lead time information

Recently, multiple post-processing techniques have been proposed which produce probabilistic forecasts by combining fore-
casts at different spatial locations. For example, Feik et al. (2024) apply a graph neural network (GNN) to encode relationships
between spatial locations, with multiple message-passing layers exchanging information between connected nodes in the graph.
This enables the method to leverage information from other stations when post-processing forecasts at a different station, im-
proving its performance. While this method post-processes forecasts at all stations concurrently, it has to be applied separately
for each lead time. Landry et al. (2026) investigate post-processing multiple lead times using deep learning, yet they do not
explicitly consider inter-forecast dependencies. On the other hand, Wessel et al. (2024) include multiple lead times as covari-

ates when post-processing temperature and wind speed forecasts using non-homogeneous Gaussian regression. They found
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that adding lead times as covariates matches and even improves performance in data-scarce scenarios. Mlakar et al. (2024) also
evaluate this aspect using a neural network post-processing technique. Crucially, both studies were conducted in a predictor-
limited setting, using only the ensemble forecast of the target variable itself. Such approaches might not be scalable when
multiple predictors become available, nor is it known how a lead-time dependent post-processing method would perform in
such a context.

In this work, we propose a scalable neural network architecture which merges information from different lead times using a
static attention mechanism, improving the predictive performance of the post-processing model. Additionally, we will demon-
strate that the benefits of using multiple lead times as predictors scale inversely with the number of available predictor fields,

making this method especially suited for scenarios with a limited number of predictors.
1.2 Flexible marginal distribution modelling for censored variables using normalizing flows

Success in distribution modelling is largely contingent on the correct choice of the target distribution. This is especially true for
skewed or mixed distributions, the distribution of observed precipitation amounts being an example of the latter. There, a large
portion of observations equate to zero, producing a point mass in the distribution and a continuous part in R*. Scheuerer and
Hamill (2015) suggest that such distributions can be successfully modelled using a censored shifted gamma distribution (CSG)
where the parameters of the distribution are estimated inside the framework of Ensemble Model Output Statistics (EMOS)
(Gneiting et al., 2005), with an offset variable controlling the degree of censoring. Scheuerer et al. (2020) model the proba-
bilities of distinct precipitation realisations as anomalies relative to the precipitation climatology using neural networks. This
approach provides good results, yet is limited to a predetermined number of forecast bins, requiring interpolation to generate
a continuous forecast. On the other hand, Berrocal et al. (2008) propose a two model approach for precipitation, consisting of
a classifier and an intensity predictor. While performing well, the framework requires two separate models for approximating
the censored distribution. Another approach might be to directly modify the raw forecast members (Van Schaeybroeck and
Vannitsem, 2015; Bouallegue et al., 2024), yielding an effective and efficient method, albeit limited to the input forecast’s
ensemble size. Bremnes (2023) proposed one of the most flexible post-processing models, which estimates the quantile func-
tion of the precipitation distribution using censored Bernstein polynomials. This method enables flexible modelling of the
distribution’s quantile function, albeit with an image spanning a compact interval (which might be desirable in certain cir-
cumstances). Biilte et al. (2025), building on the graph neural network architecture of Feik et al. (2024), construct a three-part
distribution for describing precipitation: a point mass at zero, a normal distribution for modelling intermediate, log-transformed
precipitation levels, and a generalised Pareto Distribution for describing the distribution of log-transformed precipitation above
a certain threshold. While achieving good overall results, this approach demonstrates the relative complexity of modelling
highly skewed, part-discrete, part-continuous distributions. Another example of a skewed distribution, although to a lesser de-
gree than precipitation, is the one describing wind gust measurements. Schulz and Lerch (2022) tested different distributional
models and found that Bernstein polynomial quantile regression performs well in this setting.

As is evident, the choice of distributional model is important when designing a post-processing framework and depends heavily

on the variable being modelled. A wrong choice can lead to suboptimal results and introduce additional biases. Furthermore, to
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model complex distributions (precipitation), practitioners often tweak or design specific distribution models, which introduces
another point of friction in the development process. This is especially true for precipitation post-processing, where multiple
different approaches have been proposed, each one with its strengths and drawbacks. In this work, we propose a single, flexi-
ble normalising flow model which successfully approximates distributions, spanning from normal-like to highly skewed, even
point-mass distributions, by altering the default training procedure through the inclusion of a censoring loss term. This removes
the distribution design friction point, facilitating the development process and reducing complexity. Furthermore, univariate
normalising spline flows yield an analytic description of the target distribution, allowing an explicit estimation of its quantiles

and other properties of interest.
1.3 Joint temporal distribution modelling

Finally, we tackle the issue of producing temporally correlated probabilistic forecasts. Currently, the majority of neural-
network-based approaches tackle the task of lead time forecasting in one of two ways: either by generating a separate model
for each lead time (Rasp and Lerch, 2018; Biilte et al., 2025), or by providing a marginal forecast for each lead time at once
using a single model (Mlakar et al., 2024; Landry et al., 2026). In these cases, the temporal correlation is not directly modelled.
Still, temporally correlated forecasts are of interest for downstream applications, such as estimating the minimal and maximal
temperature or counting the number of exceedance events in a time interval. In the case of precipitation post-processing, this
would facilitate the identification of severe rain events and provide additional information in the decision-making chain.
While neural network-based temporally correlated post-processing has yet to be explored, recently proposed methods consider
the spatial correlation structure of the forecast. These approaches, while not entirely analogous, offer insight into how one
might address the issue at hand. Chen et al. (2024) used a generative post-processing model for two-meter temperature and
ten-meter wind gust forecasts, producing spatially correlated results. The model optimises the energy score, which forces it
to consider spatial dependencies, resulting in correlated post-processed forecasts. Similarly, Landry et al. (2026) propose a
flow-matching-based generative method for computing spatially correlated forecasts of temperature and wind gusts using a
transformer neural network. While similar to our approach, their method does not explicitly consider the temporal correla-
tion structure of the target variable. Additionally, TC-ANet also handles the modelling of censored distributions while Landry
et al. (2026) focus on temperature and wind gust post-processing. While generative models expanded the capabilities of mod-
elling high-dimensional correlated variables (Ravuri et al., 2021), one can still recover the joint structure of the variable from
the raw input weather forecast. This procedure, ensemble copula coupling (ECC) (Schefzik et al., 2013), enables univariate
post-processing models to issue correlated forecasts. However, using ECC limits the post-processed output to the number of
ensemble members in the input forecast.

Therefore, to explicitly address the temporal correlation structure of the target variable, we propose a novel flow-matching-
based method for providing joint temporal forecasts. We combine continuous and discrete flow matching to rigorously approx-
imate zero-inflated distributions. The post-processed distribution can then be accessed by sampling the resulting generative
model and applying the censoring mask where appropriate. However, when sampling from a multidimensional joint distribu-

tion, a substantial number of samples is usually required to properly represent the individual marginal distributions. This might
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not be feasible in computationally restricted contexts. To overcome these hurdles, we combine a joint model with a separate,
low-cost marginal distribution model. The latter provides efficient access to the marginal distribution at each lead time, while
we use the former to extract the joint temporal dependence structure, which we apply, through ECC, to the marginal forecast.
This results in a temporally correlated forecast with better calibrated marginals at the same ensemble size. This removes ECC’s

ensemble size constraint since we use the post-processed joint sample instead of the raw input weather forecast.

2 Notation
Variables Description
B,F,D Training batch size, number of output features of a neural network layer
D,d The number of forecast fields D and its corresponding index d € [1, D).
S, s The number of station S and its corresponding index s € [1,5].
R, r The number of run times R and its corresponding index r € [1, R].
T,t The number of lead times 7" in six hour steps and its corresponding index ¢ € [1,77].
M, m The number of ensemble members M and its corresponding index m € [1, M].
B A 20-dimensional vector of per-station predictors, where 3(%) € R,
B A 10-dimensional vector of per-lead-time predictors, where 3(7) € R0,
B A 2-dimensional vector of per-day-of-year predictors, where 30 € [—1,1]2.
X () A tensor of ensemble forecasts for station s and run time 7 containing 7" forecasts.
o(s7) A T-dimensional vector of observations, either temperature, precipitation, or wind gusts, for station s and run time 7.

Table 1. Summary of notation used throughout manuscript.

Let us first introduce the notation that will underpin the remainder of this work. Throughout, we will consider forecasts and
observations for S in-situ measurement locations (referred to simply as "stations"). Each forecast corresponds to a unique run
time R and contains forecasts for 7" lead times. The tensor X (*™) corresponds to a specific forecast at station s and run time 7,
containing a prediction for each ensemble member m, each lead time ¢, and for each forecast field d. This tensor is of dimension
[M, T, D]. Then, for all three variables of interest, two-meter temperature, precipitation, and wind gusts, let o(57) denote the
vectors of observations for location s and run time r. These vectors contain 7' measurements, each corresponding to the lead
times covered by X (*"). Table 1 summarises this notation.

The remainder of this manuscript is structured as follows: in Section 3 we describe the proposed post-processing model. Then,
in Section 4.1, we present the dataset used for model training and evaluation, and the metrics used in Section 4.2. We present

and discuss the results of our evaluation in Section 5.
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3 Neural network for marginal and joint lead time post-processing

Our goal is to model the random weather variable 0(*") € R” which is distributed according to some unknown multivariate
probability distribution 0(>") ~ O(:")_ To this end, we can leverage generative modelling techniques, which allow us to im-
plicitly approximate the target distribution by producing samples from it. Furthermore, we can inform our generation process
by conditioning it on the weather forecast X (*). In cases where the joint distribution is not required, and one is only interested
in the marginal, we circumvent the sampling procedure by also issuing a per-lead-time marginal distribution.

To achieve this, we devise a three-part model:

— An encoder network which transforms the input forecast into a high-dimensional embedding tensor, one embedding

tensor for each lead time.
— A MLP decoder network which produces the marginal lead time distribution of the target weather variable.
— A convolutional decoder network which produces the joint lead time distribution of the target weather variable.

The network architecture is displayed in Figure 1 and the constituents of the individual modules in Figure 2.

M

Marginal distribution
model

Ensemble -
forecasts

=

Day of year -
timestamp

. . . I. > I. > Jn(::::etliistribution
HEN

N(o, 1) t

Station and lead
time embeddings

Random noise
sample and timestep

Figure 1. The proposed post-processing neural network architecture. The forecast encoder is denoted by the block labelled E, the marginal
decoder by the block labelled M, and the joint decoder by the block labelled J. The joint decoder is invoked multiple times during integration
to produce temporally correlated forecasts, denoted by the spinning symbol in the top left of the block. E consists of multiple layers of atten-
tion and residual layers and an initial linear layer which projects the input forecasts and predictors into embedding space, M is implemented
as a shallow fully connected network, and J contains multiple sequential convolution layers followed by a fully connected layer producing

the final output.
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Figure 2. A more detailed presentation of the individual modules ("E" forecast encoder, "M" marginal decoder, "J" joint decoder) in terms of
their more basic components. "Linear" denotes a fully connected layer, "Conv1" denotes a one-dimensional convolutional operation, and A
the attention matrix computed by following Equation (A2). The symbol "F" denotes the SiLU activation function (Hendrycks and Gimpel,

2023). In total, the encoder uses three attention blocks, where all of them share the same attention matrix A.

3.1 Ensemble forecast encoder

The encoder network’s core is mainly composed of a sequence of attention layers Vaswani et al. (2017), which transfer in-
formation between different lead times. The outline of the network’s architecture is presented in Figure 1. Initially, the input
forecast X (57 is augmented with three additional predictors: the per-station, per-lead time embeddings, and day of year pre-
dictors. The per-station embeddings enable the network to distinguish individual stations, resulting in a single predictive model
for all. An individual per-station embedding is a vector 3(%) € R?°. We determined its size empirically through a grid search
over multiple values. Each per-station embedding is adapted during training, enabling the model to store information rele-
vant to the post-processing at its corresponding location. We follow the same approach as Rasp and Lerch (2018) and sample
the per-station embeddings from a normal distribution. The per-lead-time embeddings serve a similar purpose but enable the
network to differentiate different lead times. The per-lead-time embedding is a vector 3(7) € R'°, unique for each of the T
lead times. This vector is equivalent to the positional encoding used by transformers (Vaswani et al., 2017), often represented
by sinusoidal embeddings that become more dissimilar as the distance between positions increases. To retain the randomness
aspect of Rasp and Lerch (2018) and the positional correlation of embeddings in Vaswani et al. (2017), we sample our random
lead time embedding vectors recursively using a random walk. The recursive relation is defined in Equation (A1) in Appendix
A. This procedure ensures that each 3(7) follows a 10-dimensional normal distribution, and the similarity between embedding
vectors ¢ and j increases on average with |i — j|. Finally, we represent the per-day-of-year predictor as a vector of two elements
BY) € R?, where we define the two elements as [cos(2m54),sin(2m54-)] T, where y denotes the day of year y € [1,366].
The embedding and predictor vectors are concatenated with the ensemble average and standard deviation of each forecast field.
Therefore, the resulting augmented forecast input tensor has a shape equalling [B,T,2D +32]. We denote this tensor as X (s:7),

After augmentation, we pass X (*") through the encoder network. An initial linear layer transforms the tensor from input space



175

180

185

https://doi.org/10.5194/egusphere-2026-3490
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

to embedding space of size F, resulting in a tensor of shape [B, T, F']. We apply a sequence of three residual attention trans-
former blocks that transfer information between embedded forecasts at different lead times. For a detailed description of the
transformer block implementation, we refer the reader to Appendix A. All attention blocks share the same attention matrix,
which contains the influence a specific lead time has on the output of another. The attention matrix is defined by Equation (A2)

in the Appendix Examples of the attention matrices for random batches of forecasts are displayed in Figure 3.

Forecast encoder attention matrix for Forecast encoder attention matrix for Forecast encoder attention matrix for
wind ensemble forecasts

temperature ensemble forecasts precipitation ensemble forecasts
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Figure 3. The forecast encoder’s attention matrix, averaged over a batch of ensemble forecasts. Each row of each matrix contains influence
weights between pairs of lead times, a higher weight implying a stronger influence of the lead time in the column. It is immediately clear
that frequently, for all three variables, the most impactful input lead time for a specific output lead time is the one directly preceding it. This
is expected since attention is residual, the output of each block being added back to the input. Therefore, attention seeks relevant information
from other lead times if available. Furthermore, the attention matrix for temperature is more spread out than precipitation and wind, which
is partially explained by its higher degree of autocorrelation. Conversely, while wing gusts feature stronger autocorrelation compared to

precipitation, the wind gust attention matrix concentrates its weight more, somewhat contradicting the above conjecture.

The output tensor of the final attention block represents the output of the forecast encoder. We denote this output tensor, of

shape [B, T, F], as E(>").
3.2 Marginal and joint distribution modelling

After we construct the forecast embedding vectors E(*"), we pass those to each of the two decoder blocks: the marginal and
the joint decoder (denoted by "M" and "J" respectively in Figure 1). The first provides an explicit description of the marginal
distributions at each lead time, while the second models the target joint temporal distribution implicitly via sampling. The
reason for our choice of a split model design now becomes clearer: the decoupling of the forecast encoder from the two
decoders facilitates efficient sampling, as we encode forecasts only once, while executing the joint decoder multiple times
during joint sampling. We present the individual decoders in more detail in the following sections, starting with the marginal

model.



190

195

200

205

210

215

220

https://doi.org/10.5194/egusphere-2026-3490
Preprint. Discussion started: 19 October 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

3.2.1 Marginal distribution modelling

Post-processed forecasts are commonly issued on a marginal, per-lead-time basis. Separate distribution models are estimated
for each lead time, and the temporal correlation structure is not explicitly modelled. The parameters of the distribution, often
chosen a priori by the practitioner (a normal distribution for temperature observations), are estimated by a regression model
conditioned on a set of lead time predictors.

Our goal is to model the joint temporal distribution that encompasses the marginals, raising the question of whether we should
model them separately. The marginal distribution could be recovered by generating multiple samples from the joint distribu-
tion and estimating the marginal quantiles from that sample. We found, however, that a large sample is usually required to
obtain reliable estimates of the marginal distribution quantiles, especially the tails. Our encoder-decoder structure facilitates
a simple solution to this problem: instead of generating many samples from the joint distribution, we add a shallow marginal
decoder network that takes as input the forecast embeddings E(*") and produces the per-lead-time parameters of a marginal
distribution. This reduces the overall computational complexity of estimating the marginals while simultaneously increasing
the quality of the estimate. We represent the marginal distribution as a normalising spline flow (NSF) (Durkan et al., 2019),
based on the approach outlined in (Mlakar et al., 2024). NSF operate by transforming samples from a simple base distribu-
tion to those of a more complex target distribution. The transformation is parametrised by a diffeomorphic monotonic rational
quadratic spline. A detailed description of the marginal model structure and loss function is available in Appendix B. For more
details on normalising spline flows and their application to weather forecast post-processing, we refer the reader to Durkan
et al. (2019); Mlakar et al. (2024).

Adapting NSF to censored distribution modelling is straightforward for univariate random variables. The only change required
is a modification of the training procedure. Instead of minimising just the log-likelihood loss, we include an additional cen-
soring loss for observations below a threshold (which is zero in our case), penalising the model for assigning probability to
values above the threshold in those cases. The modified loss function is defined in Equation (B1) of Appendix B. This enables
us to easily and economically model both censored and uncensored univariate random variables without the need to pick a

variable-specific distribution or construct a separate classification model.
3.2.2 Joint distribution modelling

Our marginal distribution model does not account for the joint temporal distribution of weather variables. To this end, we add
a decoder module to generate said distribution using flow matching (FM) (Lipman et al., 2023). Flow matching is a framework
for the efficient estimation of Continuous Normalising Flows (CNF) (Grathwohl et al., 2018; Chen et al., 2019; Lipman et al.,
2024). CNFs approximate the target distribution by transforming samples from a simple prior to samples from the distribution
of interest. The transformation is not instantaneous (as with NSF) but iterative, performed over multiple autoregressive steps.
At each step, the joint decoder module provides an estimate of the vector field which conducts this transformation, conditioned
on the previous step’s output and the forecast embedding vectors. A detailed description is available in the Appendix C. We

refer the reader to Lipman et al. (2023, 2024) for an exhaustive treatise on Flow Matching.
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Therefore, to produce the required vector field, our joint decoder module takes the forecast embeddings E(*™) and concate-
nates them with ol(s’r) and [ feature-wise, resulting in a tensor of shape [B, T, F'+2]. Here, ol(s’r) denotes the target multivariate
random variable at step [. We pass the augmented embeddings tensor through a sequence of three one-dimensional convolution
layers followed by a final, two-layer linear projection with a skip connection, producing the vector field vf. Using this frame-
work, we can generate samples from the target distribution O(*") by picking multiple noisy initial samples o, and, using an
ODE solver, propagating them through the flow from step [ = 0 to [ = 1. We use the Euler solver in our implementation since
higher-order solvers failed to improve results. The decoder module architecture is displayed in Figure 2.

The reason for designing the joint decoder as a convolutional neural network is entirely pragmatic. Highly optimised convolu-
tion kernels do not require as much memory during inference as attention. The latter has a quadratic memory requirement w.r.t
T, imposing stricter limitations on memory-constrained GPUs. Furthermore, the use of attention did not improve performance
compared to convolution while requiring more computational resources. This was especially noticeable when sampling a large
ensemble in parallel.

There is a snag, however: we identified that the lead time marginal distributions recovered from the joint model lag behind
those provided by the marginal model at small ensemble sizes. Since we sample the marginal distribution at equidistantly
spaced quantiles, those forecasts frequently better cover the tails of the distribution compared to sampling at random from the
joint distribution. To improve the marginal quality of the joint forecast, we combine the two distribution modules of TC-ANet
for joint predictions. First, we sample the per-lead time marginal distributions using the marginal decoder. Then, we sample
the joint distribution, generating an equal number of samples. We combine the two by applying ECC (Schefzik et al., 2013) to
the marginal forecast using the joint sample lead time dependence. ECC is a technique for restoring the dependence structure
of an uncorrelated marginal forecast by reshuffling the sampled members according to the ranks of the raw input forecast
ensemble. The downside of this approach is that it limits the size of the target post-processed ensemble by the size of the
input forecast ensemble. Our proposed approach circumvents this issue as both distribution models enable sampling arbitrarily
sized ensembles. This enables us to generate forecasts with well-dispersed marginals while also retaining the joint temporal
correlation structure. This is the default forecasting mode of TC-ANet used in the evaluation. However, depending on the use
case, TC-ANet can provide either the raw joint distribution or the ECC corrected marginal. The post-processing pipeline is

displayed in Figure 4.

Joint modelling of censored values

One final question we need to answer is how to model censored joint distributions. Again, special care is required in such
cases. Treating censored values as other, non-censored realisations would result in an improper distribution estimate around
the censoring threshold, reducing the usability and reliability of the post-processed forecast when forecasting events at or
around said threshold. Yet, it is difficult to construct an appropriate vector field which accounts for censoring, as it is not clear
what the censored o(*") should be. Consider lead times where no precipitation is recorded: those corresponding entries of
0*") could practically take on any value below or equal to the censoring threshold {R~ U0} and still result in a valid vector

field. Therefore, we do not have a single target to interpolate with, let alone the vector field itself (albeit the choice for the latter

10
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Figure 4. The TC-ANet post-processing pipeline. In 1.) the raw input forecast is encoded using the forecast encoder. The encoder is run
once per forecast. In 2.), the forecast embeddings are passed to the marginal and the joint distribution decoder. Both produce an M member
ensemble, the former described by equidistantly sampled quantiles and the latter by samples from the joint distribution. The marginal forecast
is ECC corrected using the sampled joint distribution. The joint distribution and the ECC corrected marginal distribution can be issued as

outputs depending on the downstream application.

is easier once the target is determined). To circumvent this conundrum, we expand our joint decoder into a two-part model
when dealing with censored variables, by adding a "classifier" which determines, for a given sample, which lead times should
be censored and which should not. However, we achieve this by not adding a classification model to the joint distribution
decoder, but by modifying the flow itself to also produce a discrete flow (DFM) (Campbell et al., 2024; Lipman et al., 2024)
output, which complements its continuous part. This discrete flow estimates whether the ¢-th lead time in 0(>") is censored,
and its output is computed concurrently with the continuous flow. A detailed description of DFT is provided by Appendix
C. The described DFM approach requires little implementation overhead. Both ol(s’r) and dl(s’r), the latter being the DFM
mask estimate at step [, are concatenated into a single tensor of shape [B, T, F + 3] and passed to the joint decoder which now
outputs two features instead of one: one regressing the FM vector field and the other regressing the DFM output. To produce
the joint censored forecast sample we multiply, element-wise, the discrete and continuous samples at their final integration
steps. Both the discrete and continuous flow matching losses are optimised concurrently. Furthermore, inference for both parts
is performed simultaneously, without the need for a separate classification model or an additional integration loop. For more

details on DFM, we refer the reader to Campbell et al. (2024); Lipman et al. (2024).
3.3 Training procedure

The TC-ANet model is trained in two steps. First, the forecast encoder and the marginal decoder modules are trained concur-
rently. After this stage of training concludes, we freeze the forecast encoder’s and marginal decoder’s weights, and the joint
decoder training stage begins using the forecast encoder’s output embeddings. Each training stage ends after the validation
loss fails to improve for a pre-specified number of epochs. Training both decoders simultaneously resulted in slightly inferior
performance compared to the two-step approach. Surprisingly, a joint decoder trained in tandem with the forecast decoder

performs worse than the joint decoder provided by the two-step procedure. In the latter case, the model is pretrained to post-
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process marginal distribution, possibly enabling the joint model to focus on the joint dependence structure, as the forecast
embeddings already contain rich marginal information.
The same TC-ANet architecture is used for all three weather variables. Appendix E provides more details of the exact model

implementation (number of parameters) and the choice of relevant hyperparameters, including those of BQN and MBM.

4 Evaluation
4.1 Dataset

We evaluate our model on the openly accessible EUPPBench (Demaeyer et al., 2023) dataset. The dataset consists of biweekly
ECMWEF reforecasts for a period of twenty years (from 1997 up to and including 2016) and daily forecasts over two years
(2017 and 2018). The station data contain observations from Germany, France, the Netherlands, Belgium, and Austria, totalling
S = 122 stations. All forecasts and reforecasts have a temporal extent of 7" = 20 lead times (excluding the analysis at time zero)
in six-hour increments. The reforecasts contain a reduced ensemble count of M = 11 members while the forecasts contain
M = 51 members. Both the reforecasts and forecasts contain the same D = 29 forecast fields. Following Hohlein et al. (2024),

we divide the data into four separate datasets:

— Training dataset: The training dataset contains only reforecasts from 1997 up until, and including, 2009, resulting in a

dataset with R = 2612. All considered models are trained using this dataset.

— Validation dataset: The validation dataset contains reforecasts from 2010 up until, and including, 2013, resulting in
a dataset with R = 836. This dataset is used during training to terminate the process if the loss on this dataset fails to
improve for a set number of epochs. Furthermore, we use the validation dataset to optimise the neural network hyperpa-

rameters and architecture.

— Reforecast-based test dataset: The test reforecast dataset contains reforecasts from 2014 up until, and including, 2017,

resulting in a dataset with R = 732. We used this dataset to gauge the generalisation performance of our model.

— Forecast-based test dataset: The test forecast dataset contains forecasts from 2017 up until, and including, 2018, re-

sulting in a dataset with R = 730. This dataset serves as the evaluation dataset in this manuscript.
4.1.1 Data preprocessing

The forecasts are all standardised using the training dataset sample mean and standard deviation. The same holds true for

temperature observations, while precipitation and wind gusts are transformed by

o(5:7)
In| = +1],
O ,(s,m)

& (. being the observations training dataset sample variance. Every operation is performed element-wise on 0(*").

Furthermore, when evaluating the post-processing performance for precipitation on the validation dataset, we found that the
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methods underperformed at the tail of the distribution. Removing precipitation events with magnitudes over 40 mm from the
training dataset only incidentally improved performance (in terms of the threshold weighted continuous ranked probability
score) at the tails on the validation dataset. This cut-off threshold was determined empirically by evaluating multiple different
values. This could be due to the difficulty of forecasting such events, which usually manifest as isolated, spiky occurrences,
essentially introducing noise in the training procedure. Removing such events from this training setting (low resolution, per
station post-processing) stabilised performance at the tail of the distribution, decreasing the amount of false positive forecasts.
Furthermore, we found one station contained no precipitation observations for the entire training period and was therefore

removed from the training and evaluation loop.
4.2 Metrics

To evaluate probabilistic forecasts Gneiting et al. (2007) suggest that one should consider the sharpness of the distribution
subject to calibration. We describe the metrics used to evaluate different aspects of our distributional forecasts, both marginal

and joint.
4.2.1 Univariate metrics

— Continuous ranked probability skill score (CRPSS)
The continuous ranked probability score (CRPS) (Matheson and Winkler, 1976) is a metric frequently used for evaluating
the quality of probabilistic weather forecasts (Hersbach, 2000). It is a strictly proper scoring rule, meaning that, in
expectation, it is minimised only when the forecast distribution equals the true observation-generating distribution. By
considering the CRPS relative to a baseline, we compute the CRPSS, given in per cent improvements at lead time ¢. The

CRPS is defined in Equations (D1),(D2) in Appendix D.

— Threshold-weighted Continuous Ranked Probability Skill Score (twCRPSS)
When dealing with heavy-tailed distributions, one might be interested in investigating the forecast quality on a specific
range of outcomes. However, evaluating specific outcomes in isolation, even when using a proper scoring rule, can result
in misleading conclusions (Lerch et al., 2017). To this end, weighted variants of proper scoring rules have been proposed
(Gneiting and Ranjan, 2011). These can be used to evaluate the performance on specific outcomes by remaining proper.
One such score is the threshold-weighted CRPS (twCRPS), which we use to evaluate the predictive performance of
our models at different precipitation and wind gust levels. We consider the twCRPS skill score relative to a baseline,

computed for different threshold values. The twCRPS is defined in Equation (D4) in Appendix D.

— Quantile skill score (QSS)
We also investigate the relative improvement of the quantile loss (QL) (Koenker and Bassett, 1978) for 51 equidistantly
spaced quantiles on the interval (0,1). This provides insight into how well each post-processing algorithm improves

forecasts at different quantile levels, identifying performance characteristics at different parts of the distribution. We
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mainly investigate the QL skill score relative to a baseline over the different quantile levels. The QL is defined by

Equation (D6) in Appendix D.

— Composite sharpness (SH50, SH95)
If a probabilistic forecast is calibrated, we would also prefer it to be as sharp as possible, concentrating the bulk of
340 uncertainty in a tight interval. To this end, we measure the forecast sharpness by the length of its 50% and 95% coverage
intervals. Furthermore, to not bias against forecasters capable of producing multimodal forecast distributions, we employ

the composite interval approach proposed by Bremnes (2019).

— Brier skill score (BSS)
To evaluate the individual model’s performance in predicting binary events (discriminating between rain and no-rain),
345 we employ the Brier score (BS) (Brier, 1950), a proper scoring rule, which penalises the model based on the difference
between the predicted probability of occurrence and the value of the indicator variable of the actual occurrence. We also

consider the Brier skill score over different thresholds. The BS is defined in Equation (D7) in Appendix D.

— Rank histogram and random rank histogram

The rank histogram is a visual tool for inspecting the reliability of a distributional forecast (Hamill, 2001). In case where
350 a post-processed forecast is provided in terms of equidistantly spaced quantiles, a uniform rank histogram implies that

the forecast is reliable as an equal amount of observations was observed at each equally spaced quantile bin or rank.

Deviations from uniformity can reveal forecast shortcomings, such as over- or underspreading. We provide the rank

histogram for 51 equidistantly spaced quantiles.

When dealing with precipitation and wind gusts, we use the random rank histogram to assess the forecast’s reliability.
355 If the model forecasts with probability p. that the target variable will be below or equal to the censoring threshold c,

then a rank inside the domain covering the interval [0, p.| is chosen at random, and the observation is assigned to that

rank. Each rank histogram is equipped with the average mean deviation from uniformity, defined by Equation(D9) in

Appendix D.

— Reliability diagram
360 A similar tool to the rank histogram is the reliability diagram (Hamill, 1997). We utilise this tool when evaluating the
classification reliability of the models to discriminate between precipitous and dry events. By considering all forecasts
where a probability p of there being no rain is issued and their corresponding observations, we compute the observed
fraction of no-precipitation events p,. For each p, one can plot its corresponding p,. Looking at all p; € [0,1] and their
corresponding p,;, a perfectly reliable classifier implies p; = p,.;, Vp;, while deviations indicate under- or overconfi-

365 dence at specific probabilities.

4.2.2 Multivariate metrics

— Energy skill score (ESS)
The energy score (ES) is a multivariate variant of the CRPS (Gneiting and Raftery, 2007) often used for evaluating the

14



https://doi.org/10.5194/egusphere-2026-3490
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

joint dependence quality of forecasts (Landry et al., 2026; Chen et al., 2024). The ES is defined in Equation (D9) in
370 Appendix D.

4.2.3 Statistical significance

To determine the statistical significance of each method’s forecasts, we employ the Diebold-Mariano (DM) test (Diebold
and Mariano, 1995). The normalised average of the test score differentials follows a standard normal distribution under the
null hypothesis of equal predictive performance. Large deviations from zero imply that one method outperformed the other,
375 depending on the sign of the difference. We report the results as the percentage of stations where each method outperforms its

counterparts. The DM is defined in Equation (D10), Appendix D.
4.3 Baselines

Two baseline methods are included in our comparison: the Bernstein Quantile Network (BQN) (Bremnes, 2020) and the
Member-by-Member method (MBM) (Van Schaeybroeck and Vannitsem, 2015). Both methods represent popular post-processing

380 approaches and have been widely applied in different post-processing settings (Schefzik, 2017; Bremnes, 2020; Schulz and
Lerch, 2022; Lerch et al., 2024; Bremnes et al., 2024). We also contextualise the performance of TC-ANet relative to other
recently proposed state-of-the-art deep learning methods, focusing on publications that utilise the EUPPBench dataset.

4.3.1 Bernstein Quantile Network with Ensemble Copula Coupling (BQN)

The BQN method proposed by Bremnes (2020) is a neural network-based post-processing approach, where the network

385 parametrises a quantile function describing the distribution of the target weather variable. By representing the quantile func-
tion in terms of Bernstein polynomials, BQNs offer a flexible model for approximating many different distributions without the
need for selecting a specially tailored distribution model a priori. For precipitation Bremnes (2023) suggest a modification to
the BQN training procedure, enabling the model to adapt to censored distributions. We employ this approach as a counterpart
to our own censored NSF.

390 We implement a three-layer fully connected neural network for parametrising the quantile function. The network operates by
post-processing each lead time and station separately; however, similar to Landry et al. (2026), we use a single model for all
lead times and stations. To achieve this, we augment and transform the input forecast in the same manner as with TC-ANet,
which resulted in the augmented forecast tensor X)) enabling the model to differentiate between different stations, lead
times, and seasons. For more details on the augmentation procedure, we refer the reader to Subsection 3.1. The only difference

395 is that the per-lead-time embeddings are not temporally correlated but just sampled from the standard normal distribution.

Furthermore, we increased the number of parameters of BQN’s parameter network to approximately match that of TC-ANet.
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Each of the three layers is a mapping of type

ll ZR2D+32 — ]RIZS7
l2 :R128 — RlQS’

I3 R85 RY,

where the dimensionality of the image of mapping [3 represents the number of parameters required by the quantile function,
which is a Bernstein polynomial of degree eight. The enlarged network improved BQN’s performance and, at the same time,
somewhat equalised the playing field between the baseline and TC-ANet, minimising model size as a potential explanation for
observed performance discrepancies. The parameters of BQN are tuned by minimising the QL as described in Equation (D6).
We construct an ensemble of 10 BQN networks to overcome neural network initialisation variability. This procedure presents
little additional overhead due to the small size of the individual BQN models while significantly improving the performance
compared to using a single model only. The individual BQN quantile forecasts are combined into a single post-processed
forecast via quantile averaging. BQN, on its own, does not provide a joint temporal forecast. To restore the temporal dependence
of the post-processed marginal ensemble, we use ECC, reshuffling the marginal forecast according to the ranks of the raw

ECMWEF forecast.
4.3.2 Member-by-member post-processing (MBM)

A method specifically tailored for retaining the inter-ensemble correlation structure in the post-processed forecast is the
Member-by-member post-processing approach (MBM) (Van Schaeybroeck and Vannitsem, 2015). By using the same cor-

rection coefficients for each ensemble member at lead time ¢

s,r,d s,T s,T s,r,d s,r s,r,d s,r,d
P = pi b (X - SE) (X — (X)), () = In(1+ ¢,

m,t

the model corrects for biases with three forecast dependent coefficients pff) , péff) , p:(f;r) while preserving the inter-ensemble

dependence structure in the post-processed ensemble at lead time ¢, whose members are denoted by P,Sf,’tr’d). The variable
Xt(w’s) denotes the dth forecast field tensor at lead time ¢, while angle brackets represent averaging over the ensemble. The
symbol S denotes the softplus function.

We use BQN’s neural network backbone to regress MBM'’s coefficients. We refer the reader to Section 4.3.1 for more details
regarding its implementation. Our decision to combine neural nets with MBM is based on work by Lerch et al. (2024) who
evaluated a neural network framework in conjunction with member-by-member post-processing and concluded that such a
combination offers good results. The parameters of the network are tuned by minimising the marginal CRPS, defined in
Equation (D2). An ensemble of ten models is trained to curb neural network initialisation variability.

MBM has been applied to the post-processing of all three variables. And while our implementation performed well in the
former two cases, the model exhibited issues in terms of reliability in the case of precipitation post-processing. We therefore

decided not to include MBM’s precipitation results in this study.
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4.3.3 State-of-the-art deep learning post-processing methods

We provide additional context as to how well TC-ANet compares to recently proposed state-of-the-art neural network post-
processing methods. Specifically, we focus on results reported by Hohlein et al. (2024); Feik et al. (2024); Biilte et al. (2025);
Landry et al. (2026), all of them using the EUPPBench dataset. While all four works use varying metrics to gauge their
respective method’s performance, one metric is included in all works, that being the CRPS, computed on a per-lead time basis
or, in the case of Landry et al. (2026), aggregated over all lead times. While the CRPS is reported as a summary statistic, it,
being a proper scoring rule, still offers a compressed measure of the quality of a probabilistic forecast. Therefore, we examine

the reported CRPS from each work to contextualise TC-ANet’s performance:

— Hohlein et al. (2024); Feik et al. (2024) provide temperature CRPS scores at three lead times, averaged over all stations
and run times: 24, 72, and 120. In the case of Hohlein et al. (2024), we chose the scores reported for the ST-BQN method

as it achieved the smallest CRPS at most lead times.

— Landry et al. (2026) provide the mean CRPS for temperature and wind gust forecasts aggregated over all stations, run

times, and lead times.

— Biilte et al. (2025) report mean precipitation CRPS for lead times at 24, 72, and 120 hours.
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5 Results

The aggregate scores for the forecast-based test dataset for all three target variables and compared methods are reported in
Table 2. By averaging the metrics over all stations, run and lead times, we present an overall measure of performance on this
445 dataset. All methods improve upon the raw ECMWF forecast, with TC-ANet leading in the majority of metrics. The ECMWF
forecast is, on average, the sharpest; however, at the expense of calibration, as is evident by its relatively high CRPS values. The
margins between the post-processing methods are slim, especially those of TC-ANet and BQN. We supplement this analysis
by including the DM predictive performance analysis in Table 3. There, we consider the percentage of stations at which one
method produced significantly better CRPS results than another. TC-ANet more frequently produces lower CRPS forecasts
450 at a statistically significant level compared to the other two approaches, where the null hypothesis is only rarely rejected in
the other direction. Precipitation forecasts have the highest ratio of stations in favour of TC-ANet, with wind gust showing
the least improvement in this regard. Still, a more in-depth analysis is required to elucidate other differences between the two

post-processing approaches.

Temperature [ K] CRPS | ES | SH50 | SH95 |
ECMWF 1.189 (v = 1.22) 6.421 o = 3.579) 0.875 o = 0.543) 2.981 v = 1.510)
BQN 0.768 (o = 0.689) 4.462 o = 1.562) 1.804 & = 0.698) 4.500 o = 1.616)
MBM 0.773 o = 0.69m 4.467 o = 1.563) 1.264 & = 0.515 4.290 ( = 1.646)
TC-ANet 0.762 > = 0.669) 4.447 o = 1512 1.838 v = 0.745) 4.432 o =1.710
Precipitation [mm] CRPS | ES | BS(T=0)] SH50 | SH95 |
ECMWF 0.407 o = 1.398) 3.807 (o = 4.799) 0.297 o = 0.35m 0.256 o = 0.548) 1.543 o =2.394)
BQN 0.375 (o = 1.456) 3.709 (o = 4.999) 0.119 (o = 0.221 0.189 - = 0.607) 1.812 (o = 2.598)
TC-ANet 0.369 o = 1.422) 3.658 v = 1877 0.114 = 0.202 0.206 & = 0.745) 1.843 (v = 2.945)
Wind gusts [“] CRPS | ES | SH50 | SH95 |
ECMWF 1.470 & = 1.449) 7.996 o =5.787) 1.266 (- =o0.793 4.255 o =2.601)
BON 1.016 & = 0.949) 5.955 (o = 2.1a8) 2.427 o = 0.948 6.177 (o =2.303
MBM 1.021 o = 0.969) 5.951 (o = 2.148) 1.666 (= = 0.663) 5.855 (o = 2.207)
TC-ANet 1.012 - =0.945) 5.948 (v = 2.143) 2.403 > = 0.987) 5.921 (v = 2.279)

Table 2. Aggregate performance scores over the forecast-based test dataset for all three target variables. Lower values represent better results

for the CRPS, ES, BS, SH50, and SH95. Highlighted in bold is the best-performing model for each score.
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460

465

Temperature | BQN  MBM  TC- | Precipitation | BQN MBM TC- | Wind gusts | BQN MBM  TC-
ANet ANet ANet
BON 1 X 42.6 3.3 BON 1 X X 3.3 BQN 1 X 59.8 0.0
MBM 1 0.8 X 2.5 MBM 1 X X X MBM 1 5.7 X 4.1
TC-ANet 1 25.4 58.2 X TC-ANet 1 73.8 X X TC-ANet 1 | 10.7 62.3 X
Table 3. The Diebold-Mariano (Diebold and Mariano, 1995) test of predictive performance in terms of the CRPS. Each entry represents the

percentage of stations for which the method in the row outperforms its counterpart in the column in a statistically significant manner. The

percentage 100 — M; ; — M ; provides the percentage of equal performance cases.

Temperature CRPS @ 24h [K] | CRPS @ 72h [K] | CRPS @ 120h [K] |
Hohlein et al. (2024) 0.62 0.80 1.13
Feik et al. (2024) 0.60 0.78 1.09
TC-ANet 0.62 0.77 1.09
Temperature and wind gusts CRPS [K] | CRPS [1] ]
Landry et al. (2026) 0.77 1.03
TC-ANet 0.76 1.01
Precipitation CRPS @ 24h [mm]] CRPS @ 72h [mm]] CRPS @ 120h [mm] ]
Biilte et al. (2025) 0.467 0.597 0.678
TC-ANet 0.468 0.570 0.676

Table 4. Aggregate performance scores over the forecast-based test dataset of TC-ANet relative to other recently proposed state-of-the-art

approaches. Highlighted in bold are the best-performing models for each score.

Table 4 contains the comparison of TC-ANet to other, recently proposed state-of-the-art deep learning methods in terms of
the CRPS. We can see that TC-ANet competes favourably with other approaches, exhibiting similar or better performance. A
more notable exception is the method by Feik et al. (2024) with a lower CRPS at the lead time of 24 hours. This difference
could be due to Feik et al. (2024) combining information from multiple stations, something that TC-ANet does not consider.
Furthermore, TC-ANet is While this comparison is limited as we consider a single metric in a set of limited scenarios, we
believe that it contextualises TC-ANet as a competent method in today’s post-processing environment.

Continuing our baseline comparison, Figure 5 provides further insight into the performance of individual methods. It contains
the CRPSS and QSS, the former stratified over lead times and the latter over quantiles. Plots in the first two rows display the
two metrics relative to the raw ECMWF forecast. To better highlight the differences between the three post-processing baseline
approaches, rows three and four in Figure 5 display the same scores, but relative to BQN. Contemplating rows one and two
first, we can observe a periodic pattern in the CRPSS for all three variables with an overall decreasing trend in improvement

as lead times increase. Due to the under-dispersed nature of the ECMWF forecast (as is evident from the rank histograms in
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Figure 6), the QSS is most strongly improved for the tail quantiles. Rows three and four in the same figure better highlight
specific differences between the individual post-processing models. For temperature and wind gusts, TC-ANet improves over
BQN more strongly in early lead times, where the improvement slowly tapers off, and at the end, slightly dips below BQN.
The exception to this is TC-ANet’s performance at the first lead time, which is smaller than the improvement at adjacent lead
times. This might be due to a lack of exogenous information from other lead times, as shown in Figure 3, leading to a non-
homogeneous post-processing scenario, forcing the network to adapt its behaviour in this specific case. The QSS indicates that
TC-ANet better estimates the right tails of the temperature and precipitation distribution. In the latter case, this might be due
to BQN producing a bound quantile function, essentially assigning zero probability to events below and above some threshold.
This is further supported by the spike in the precipitation rank histogram for BQN in Figure 6. Wind gust shows a trend
reversal, with TC-ANet slightly underperforming BQN at the extreme quantiles while still improving performance at the lower
and higher quantiles. When considering aggregate scores, one should keep in mind that for precipitation, the forecast-based
dataset consists of 75% no-precipitation events, so the majority improvement in both CRPSS and QSS is heavily influenced by

those events. This holds true for wind gusts as well, although to a lesser extent.

20



480

https://doi.org/10.5194/egusphere-2026-3490
Preprint. Discussion started: 19 October 2026
(© Author(s) 2026. CC BY 4.0 License.

Temperature

Precipitation

EGUsphere®

Wind gusts

25
50 v BN 50 v BON
20 2 ® TC-ANET 2 A MBM
--- ECMWF ® TC-ANET
< BQN ECMWF
K3l ¥ K 15 30
- A MBM
wn
g ® TC-ANET
& 20 10 20
S --- ECMWF
10 5 10
(1D o e e s E—— ) o e S e E— [ o e S S e—|
1 5 10 15 20 1 5 10 15 20 1 5 10 15 20
Lead times [6 hours] Lead times [6 hours] Lead times [6 hours]
70
70 40
60 60
.50 30 50
X
=a0 40
2 5 20 30
20
20 10
10 10
(0D e e e (o e S O o Bt
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Quantiles Quantiles Quantiles
55 Temperature Precipitation Wind gusts
20 --- BQN --- BQN 1.0 --- BQN
’ A MBM 3 ® TC-ANET A MBM
1.5 ® TC-ANET 05 ® TC-ANET
R 10
7)) 2
o 05 0.01 fmmmmmmrmmmmmm e
o
O 0.0 F=—————f———————r————e
1
-05 —0.5
-1.0
0 -1.0
1 5 10 15 20 1 5 10 15 20 5 10 15 20
Lead times [6 hours] Lead times [6 hours] Lead times [6 hours]
2.5
N 3.0
0.0
2.5
0 -2.5
—_ 2.0
X -2 -5.0
0 1.5
0 _ -7.5
& -4
1.0 _10.0
-6
0.5 -12.5
-8 0.04 ST ~15.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Quantiles Quantiles Quantiles

Figure 5. (First row and third): Per-lead time CRPSS for the forecast-based test dataset. (Second row and fourth): Per-quantile QSS for the

forecast-based test dataset. All skill scores are computed relative to ECMWF in the first and third rows, and relative to BQN in the second

and fourth rows.

To assess the reliability of individual methods, Figure 6 displays the rank histograms for each method and target variable.

The ECMWF ensemble forecast is largely under-dispersed for all three variables. This is evident from the overpopulation in its

extreme ranks. All methods improve on the base forecast (observe the difference in scale on the y axis between ECMWF and

the post-processing methods), with MBM providing the most uniform rank histogram on average. However, it’s overly sharp
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forecast results in a high proportion of outliers not covered by the ensemble envelope, as is evident by the spikes in the extreme
ranks. This is also true for BQN, where the limited support of the distribution somewhat contributes to this behaviour, albeit to
a lesser extent. On the other hand, TC-ANet’s distributions seem to be overdispersed as can be surmised from the inverted U
shape of its rank histograms. We did not observe this behaviour on the reforecast-based dataset, which might suggest that the
source of this discrepancy lies in the different ensemble counts of the two datasets, influencing how the post-processing model

handles forecast uncertainty.
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Figure 6. (Upper row): Temperature rank histograms. (Middle row): Precipitation random rank histograms. (Bottom row): Wind gust random
rank histograms. A uniform rank is preferable and is denoted by the black dashed line. The average discrepancy between expected and

observed rank histogram heights relative to expected height is provided by the number in the label for each model.

Continuing, let’s consider Figures 7 and 8 . These contain the twCRPSS and BSS for precipitation and wind gusts, re-
spectively. Additionally, Figure 7 also contains the reliability diagram for precipitation at the zero millimetre threshold. The

twCRPSS in the first row of Figure 7 reveals that both methods improve upon the ECMWF precipitation forecast, with TC-ANet
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exhibiting greater improvement over all thresholds compared to BQN. The precipitation BSS plot in the same row displays
a similar trend for all thresholds. One can observe a large spike in BS improvement compared to the ECMWF forecasts for
small thresholds, with the reliability diagram elucidating the underlying cause: the ECMWF forecast frequently over-predicts
the amount of precipitation. For example, in cases where the ECMWF forecast assigned a probability of 0.25 of there being no
precipitation, the actual observed fraction of no-precipitation events equalled close to 0.78, meaning that it rained much less
often than forecast. Both BQN and TC-ANet correct for this bias, introducing a bias of their own by being marginally dry. A
twCRPSS and BSS comparison relative to BQN is presented in the second row of Figure 7 for the purpose of legibility.
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Figure 7. The twCRPSS (first row, left plot; second row, left plot), BSS (first row, middle plot; second row, right plot), and reliability
diagram (first row; right plot) for precipitation post-processing on the forecast-based test dataset. (twCRPSS, BSS): The grey columns in
twCRPSS and BSS represent the fraction of observations with values equal to or greater than that of the threshold. The black vertical dashed
line represents the 99.9% quantile of positive observation values. The first row contains scores relative to ECMWE, the second relative to
BQN. (Reliability diagram): The black, diagonal dashed line represents a perfectly reliable forecaster. Falling below the diagonal implies
an under-prediction of precipitation occurrence (denoted by the light red colour of the half plane) while falling above the diagonal signifies

precipitation over-prediction (denoted by the light blue colour of the half plane).

A similar visualisation is displayed in Figure 8 for wind gust post-processing. TC-ANet outperforms the other two baseline
methods at nearly all thresholds in terms of twCRPS, only falling behind BQN at the very extreme of the wind gust distribution.
For this specific case, the observed wind speed falls outside of TC-ANet’s predicted ensemble envelope, under-predicting the
realised wind speed. Evaluation on the validation dataset found this issue to be partially systematic, requiring further research.

TC-ANet achieves the best BS across all thresholds, with the margin extending as thresholds increase. The exception is the
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threshold at zero wind speed, where it falls slightly behind. This is due to TC-ANet predicting a zero speed wind gust event in

0.02% cases where those events did not materialise.
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Figure 8. The twCRPSS (left plot) and BSS (right plot) for wind gust post-processing over the forecast-based test dataset. The grey columns
represent the fraction of observations with values equal to or greater than the threshold. The black vertical dashed line represents the 99.9%

quantile of positive observation values across all stations, run times, and lead times.

Figure 9 displays examples of all three forecast types TC-ANet can provide: the marginal forecast, the FM temporally cor-
related forecast, and the combination of both, the ECC corrected marginal forecast. This example demonstrates the difference
between the joint forecast and ECC corrected marginal forecast at small ensemble sizes. The median estimate, denoted by the
dashed line, is more variable due to the small sample size. The ECC corrected model’s analytic estimate of the median (and
in fact of every quantile) provides better scores than the joint model for the same ensemble size. This is further corroborated
by Table 5, where we report the CRPS score for the joint forecast for multiple different values of M. As M increases, the
CRPS decreases due to a better estimate of the expectation in Equation (D2) and a better coverage of the spread. Yet even at
the largest ensemble size M = 301, the method does not reach the same CRPS as the marginal model (except precipitation).
Therefore, if one is interested in a particular marginal distribution, it is prudent to query the marginal model. Still, generat-
ing a M = 301-member ensemble for the forecast dataset took approximately ten minutes on our system, largely due to the
decoupled encoder-decoder structure and the small size of the TC-ANet model (even when in an ensemble of multiple mod-
els). Table 6 holds the percentage of stations at which a specific model produced a more significant ES result compared to
other models. The marginals between the models are smaller compared to the results reported in Table 6, however, TC-ANet
still outperforms its counterparts at more stations, where again the null hypothesis is often left rejected in favour of the other
method. TC-ANet also benefits from being able to generate ensemble sizes of arbitrary size while still retaining competitive

joint modelling performance.
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Figure 9. Examples of all three forecast types provided by TC-ANet. (Right plot) The marginal model forecast of M equidistantly sampled

quantiles. Temporal correlation is not explicitly modelled. (Middle plot) The joint model forecast where M members are sampled via FM and

censored according to the DFM output. (Left plot) The ECC corrected marginal forecast based on the joint forecast’s temporal dependence.

CRPS @ M =51

CRPS @ M =101 |

CRPS @ M =201 |

CRPS @ M =301 |

Temperature[ K]
Precipitation[mm]
Wind gust[ "]

Table 5. The CRPS of TC-ANet’s joint model forecast as a function of M on the forecast test dataset. Lower values represent preferred

scores.
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Figure 10. The marginal random rank histogram for the joint temporal TC-ANET forecast. (Left): The uncensored joint distribution where
we treat zero precipitation events as regular realizations. (Right): The censored joint distribution using DFM. A uniform rank is preferable
and is denoted by the black dashed line. The average discrepancy between expected and observed rank histogram heights relative to expected

height is provided by the number in the label.

Temperature | BQON  MBM  TC- | Precipitation | BQN MBM TC- | Wind gusts | BQN MBM  TC-
ANet ANet ANet
BON 1 X 7.4 4.9 BON 1 X X 3.3 BOQN 1 X 13.9 1.6
MBM 1 3.3 X 4.9 MBM 1 X X X MBM 1 11.5 X 8.2
TC-ANet 1 9.0 16.4 X TC-ANet T | 56.6 X X TC-ANett | 6.6 13.9 X

Table 6. The Diebold-Mariano (Diebold and Mariano, 1995) test of predictive performance based on the ES. Each entry represents the
percentage of stations for which the method in the row outperforms its counterpart in the column in a statistically significant manner. The

percentage 100 — M ; — M ; provides the percentage of equal performance cases.

Additionally, the importance of accounting for censored values when modelling the joint distribution becomes apparent in
Figure 10. The uncorrected joint forecast’s random rank histogram is highly skewed towards the lower ranks. This is mainly due
to an excess of low precipitation forecasts. Many of these represent a no-precipitation event, but did not converge to zero. One
could select a cut-off threshold to attempt to resolve these cases. This would require evaluating multiple cut-off thresholds,
potentially introducing different biases if we cut legitimate low-value precipitation forecasts. The continuous-discrete flow
matching framework resolves this issue by design, the model deciding on an appropriate threshold on a sample-by-sample basis.
This produces a close-to-uniform marginal random rank histogram with a shape similar to the marginal model’s histogram.
Finally, let’s investigate the impact that including information from multiple lead times has on the post-processed forecast.
To gauge the impact, we propose the following experiment: consider the set of forecast fields { X4}. For each target weather
variable, we create a sorted list [ X 4] where the rank denotes the importance of each field for post-processing in a decreasing

order. This ranking is determined by fitting a simple linear regression model with LASSO (Tibshirani, 1996) regularisation.
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The ranking of each forecast field is given by the magnitude of the linear model’s coefficients, with a larger absolute weight
denoting a more impactful forecast field. Then, taking TC-ANet and BQN, we train D sets of ten-member ensembles for each

model, where each set ¢ € [1, D] contains ¢ most impactful forecast fields.

Temperature Precipitation Wind
1.4

5 —e— TC-ANET | 175
--- BQN

12

1.0

0.8
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Figure 11. The CRPSS for TC-ANet and BQN, where the latter is used as the baseline. The forecast fields were ranked by importance using
a linear regression model with LASSO regularization (Tibshirani, 1996) and ranking each field by the magnitude of the coefficient’s absolute

value. The black dashed line represents the linear trend of the CRPSS.

Figure 11 displays the CRPSS for the two models. A flat CRPSS indicates that adding multiple lead times as predictors fails
to impact the forecast quality, with the margins remaining fixed for all forecast field counts. Looking at the CRPSS plots in
Figure 11, we can observe some evidence to the contrary. All plots show a decreasing trend in CRPSS with increasing predictor
counts, the drop being most pronounced for temperature and the least for precipitation. The relative distance between TC-ANet
and BQN for precipitation remains nearly constant, indicating that additional lead times do not meaningfully impact the quality
of the post-processed forecast. This is somewhat expected as precipitation is the least autocorrelated, followed by wind gusts,
and temperature, the latter being the most autocorrelated of the three. Wind forecasts are a curious example of the CRPSS
decreasing dramatically with the addition of two forecast fields, which linear regression failed to recognise as impactful, that
being the fields «10 and v100. These results suggest that using multiple lead times as predictors pays off when other forecast
predictors are not available and the target variable is autocorrelated. In such settings, TC-ANet with a single forecast field as

input, outperforms a BQN model trained with four forecast fields.

6 Conclusions

We presented a novel, flexible ensemble forecast post-processing method named TC-ANet, tailored for joint lead time forecast-
ing. The method offers quick and efficient sampling of both the marginal and joint temporal distributions using two separate
distribution models, the former based on normalising spline flows and the latter on flow matching. Additionally, TC-ANet can
approximate different target distributions, censored and uncensored, in a marginal or joint capacity. For marginal distribution
modelling, a censoring term is included in the log-likelihood loss, accounting for the amount of required censoring, while

we combined continuous and discrete flow matching techniques to model joint temporal dependencies. We further improved
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the marginal calibration of the joint forecast by applying the ensemble copula coupling correction using TC-ANet’s joint and
marginal distribution samples in a single forecast. The resulting post-processed forecast retained the temporal correlation struc-
ture of the former and marginal calibration of the latter. Furthermore, TC-ANet’s per-lead-time attention mechanism enables it
to extract information from multiple lead times to correct forecasts at other lead times. This increases its performance margin
against per-lead-time methods, especially in predictor-limited scenarios, temporally correlated target variables, such as tem-
perature, seeing the largest benefit. All of this combined enabled TC-ANet to compete favourably against recently proposed
state-of-the-art deep learning techniques and two neural-network-based baseline methods. Furthermore, we evaluated TC-ANet
for post-processing three different target variables: temperature, precipitation, and wind gusts, and found it competitive in all
three scenarios.

Still, many promising avenues for future research remain. For example, the performance at early lead times demonstrated by
Feik et al. (2024) suggests that TC-ANet could benefit from explicitly combining information from multiple stations, something
we did not explore in this work. Furthermore, the static, forecast-independent attention mechanism implies that our method
acts similarly to a graph neural network over lead time. This is analogous to Feik et al. (2024) where the graph neural network
spans stations instead. The attention weights depend solely on the target station, time of year, and lead time pairs. However,
one could conceive of scenarios where the forecast itself should also dictate the degree of dependence. While we had limited
success exploring forecast-conditioned attention weights, we still believe they might improve the model’s post-processing per-
formance in specific weather scenarios.

Overall, we believe that TC-ANet constitutes a meaningful addition to the roster of post-processing methods. It can suc-
cessfully adapt to different post-processing scenarios, be it in a predictor-limited setting or when estimating highly skewed
distributions. The ability to provide exact marginal and efficient joint distribution forecasts facilitates a detailed and informed

decision-making process.

Code availability. The TC-ANet model implementation, forecast prediction, and evaluation functions used in this manuscript are publicly
available through a frozen release at https://doi.org/10.5281/zenodo.23262191 (Mlakar, 2026a). The frozen release additionally includes the
model predictions for the test dataset and the model weights for each of the three considered weather variables. The project’s source code is

also available on GitHub https://github.com/petermlakar/TC- ANet (Mlakar, 2026b).

Data availability. The EUPPBench dataset is openly available at https://doi.org/10.5281/zenodo.7708362 (Bhend et al., 2023). Additional
information on the structure and contents of the dataset is also available on Github https://eupp-benchmark.github.io/EUPPBench-doc/files/
EUPPBench_datasets.html (EUPPBench, 2023).
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O

A Ensemble forecast encoder

We define the lead time embedding by the following recursive relationship

(1)
(1 A(0.1), 8T = Pzt oe
ﬂl ( 9 )’/61 m?

fori € [2,T], « = 0.5, and € ~ N (0, I). This ensures that the lead time embeddings slowly drift apart, with speed proportional

(AT)

to o, while remaining normally distributed at each lead time.
The lead time embeddings play a crucial role in the information flow inside the attention blocks. Consider the individual ¢-th

attention block and let V; denote its value matrix. The matrix V' is defined by
‘/;_(S,T) — Wii)fj-&-i—l (X(s,r))

where Wv(i) denotes the value weight matrix of block ¢, with dimensions [F, F'], and f; (X (s”’)) the augmented input tensor,
transformed by the encoder neural network up to layer 7. We can consider the tensor Wv(i) of size [B,T, F] acting as a matrix
of shape [T, F'] in this context, since we broadcast all operations over the first, batch dimension. Attention can be computed in
parallel for multiple attention heads (Vaswani et al., 2017). However, since we use a single attention head only, we economise

on the notation. We define the attention between the ¢1-th and the ¢5-th lead time as
s,T T T
AP = g(39), 80,80 Bi1). (A2)

The function g : R?0 x R? x R!? x R1® — R is a shallow two-layer fully connected neural network, with hidden dimension

T)

size of 32, which provides the forecast-independent importance between the lead times ¢; and ¢,. The vectors ,Bt(lT) and ﬁiz

denote the ¢;-th and ¢5-th lead time predictors. The resulting attention matrix is forecast independent, conditioned only on the

time of year, target station, and the lead times of interest. We compute the ¢-th attention output following

FivilFiin (X)) = fi (X)) + Wis(D(AP) V™, (A3)

K2 7

where S represents the softmax function, D the dropout regularization operation, and the matrix W, applies a final linear re-
projection after attention is applied. The dropout layer, with probability p = 0.1, sets a random subset of attention values to
—o0, which, after applying S, results in the corresponding input-output lead time combinations not influence each other. The
output of the attention operation defined by Equation (A3) is passed through a residual layer, the output of which is considered

as the output of the ¢-th attention block.
B Marginal distribution model
The log likelihood function of the marginal model can be defined as

)

899 (s,7)
(0,7)
80§S’T) '

ﬁ?”zmwmw?%»+m(
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where ¢ represents the density function of the base distribution, ots’r)

the weather variable observation at lead time ¢, and gy
the rational quadratic spline transformation, parametrised by the marginal decoder through 6. Since gy is a diffeomorphism, it

admits the estimation of the quantiles of the transformed univariate distribution by

qr = 9‘9_1(@(7—))’

where ® denotes the cumulative distribution function of the base distribution and 7 € (0,1) the desired percentile. To model
the diffeomorphic transformation, we employ a single spline with ten knots. We found that increasing the number of splines
did not improve performance. Our base distribution of choice is the normal distribution. We have evaluated different base
distributions, such as the logistic and student distributions, but found no significant impact on the final performance.

The censoring-adapted log-likelihood loss is defined as
(g5(c)), o <e

Floi*") =
' (go(0l"")

%(O(SW)) (B1)

Dol 0t , otherwise,

where c equals the censoring threshold which, in case of precipitation, equals ¢ = 0. The cumulative probability of the distri-
bution in the interval (—oo, 0] (first case of Equation A2) is assigned to the censoring threshold, resulting in a point-mass at

zero as required. The training can be conducted by minimizing the negative log-likelihood function of the above density.

C Joint distribution model

Let ¢; : [0,1] x RT — R7 denote the time ! dependent flow function. As [ progresses from zero to one, the flow ¢; transforms
the noisy sample into a sample from the target distribution. The main insight of Lipman et al. (2023) is that one can define ¢;
in terms of a vector field, related to ¢; through the following ordinary differential equation (ODE)

9
ol

where v; denotes the time dependent vector field generating the flow. In short, if we can somehow model the vector field, its

o1(x) = vi(i(z)),

corresponding flow can be recovered through the ODE, enabling sample generation.
Lipman et al. (2023) state that a suitable candidate for a vector field can be the simple linear interpolant between o(*") and
0g. This is the main crux behind the success of FM, replacing expensive integration during training of a CNF with a simple

regression task. By parametrising v; with a neural network, we can estimate the flow by minimising the following loss function

Lin(8) = By g o0 |[0f (0] EET) — (057 — 0p)]2,
ol(s’r) =(1-1)og+ 10(5’7'),

where

[ ~ O'(J\/v(o7 1)),00 ~ N(O,I),O(S’T) ~ O(S’T).
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The value 0(5") denotes the weather variable observation vector, distributed by the unknown distribution O") which we
wish to model, vle denotes the output of our neural network, parametrised by 6, given ol(s’T) and [ as input, and o represents the
sigmoid function.

The above approach does not consider censored random variables. To that end, we extend the above method with DFM. As with
FM, DFM also requires a suitable target variable. The target vector for DFM is, in our case, binary dsr) = [.e ]lois,,->>c7 s
with ¢ corresponding to the censoring threshold. Then, using the continuous noise vector oy, we define the discrete noise
vector as do = [..., 1oy, -..]. This implies that dy depends on o, and we found that sampling an independently distributed dy,

irrespective of 0y, degrades performance. We designate an additional output of the joint decoder module to regress the target

vector directly by minimising the cross-entropy loss

T

Lom = —Ey gy qen [Z d* 7 In(p?) + (1—d>")In(1 - pf) |,
t=1

p! :=p(d]"", ECD),

4 do.¢,  with probability 1 —1,
I;t =
d\*" | with probability I.

Here pf denotes the forecast conditioned DFM output from the joint decoder, corresponding to a vector containing probabilities

of the ¢-th lead time being uncensored, and dl(s’r)

denotes the interpolated sample given time step [. The subscript ¢ denotes
taking the ¢-th element of the subscripted vector. We can recover the appropriate vector field at step [ € [0,1) during inference

as

- p'(di—a, E) —dy_a
u; = 11 )

dy = d,

where d;_ A denotes the estimated discrete sample at the previous integration step I — A with step size A. The ¢-th element of

the discrete sample at time step [ can then be computed as

4 1, with probability dj_a. + Auy,
It —
0, otherwise.

D Evaluation metrics

D1 Continuous ranked probability skill score

The CRPS is defined by the following integral
CRPS(F,0) = / (F(z) — 145,)%dz, (D1)

— 00
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where F' represents the distribution function of the issued forecast and 1., a step function at the threshold corresponding to
the observation o. While analytic formulations of the CRPS exist for certain distribution families, the expression often remains

intractable for complex distribution models. In such cases, one can resort to the following estimator of the CRPS
1 /
CRPS(p,0) =E,|p—o| - §Ep,p’|p_p l, (D2)

where p and p’ represent independent samples from the issued forecast distribution F' (Gneiting and Raftery, 2007). The CRPSS

at lead time ¢ is defined as

CRPS >m0del
crpssmodel _ (1 _ (CRPSH™™E
t ( (CRPS, )baseline 00,

where the CRPS is averaged over all stations and run times.

D2 Threshold-weighted continuous ranked probability score

The twCRPS is defined as

twCRPS(F,0) = /wc(x)(F(x) — s, )?de, (D3)

1, z>c,
we(x) = (D4)
0, otherwise,

where w,.(x) denotes a weighting function, emphasising certain regions of the distribution. We specifically consider half-open
intervals delimited by the threshold ¢, resulting in this type of weighting function. Different weighting functions exist, and we

refer the reader to Gneiting and Ranjan (2011); Allen (2024) for more information regarding this topic. The above expression

for the twCRPS is, again, difficult to evaluate analytically, so we resort to the expectation formula for a tractable alternative

1

twCRPS(p,0) = Ep‘“C(I?) —ve(0)] — iEp,p’WC(p) - UC(pl)|7

v(x) = max(z,c).

The choice of chaining function v.(x) (Allen, 2024) is dependent on w, (). We consider the twCRPSS at a specific threshold

c

model
twCRPSSMO%! — <1— (twCRPS,) >100,

{twCRPS,)bascline

where the twCRPS is averaged over all stations, run times, and lead times.

32



685

690

695

700

https://doi.org/10.5194/egusphere-2026-3490
Preprint. Discussion started: 19 October 2026 EG U
- sphere

(© Author(s) 2026. CC BY 4.0 License.

D3 Quantile loss

QL is defined as

K
=Y p(F~}(7k),0), (D5)
k=1
(0—gr)(7—=1), 0—¢; <0
p(gr,0 (D6)
(o—qr)T otherwise,

for K quantiles 74, € (0,1). Analogously to the CRPSS and twCRPSS, the QSS is defined as

del _ (QL, )"
QSS7>* <1 N (QL,. )bascline 100,

The QL is averaged over all stations, run times, and lead times.

D4 Brier score

The BS is defined as

BS(F,0) = (1~ F(c) = Lo>c)?, (D7)

it measures the ability of the forecaster to predict events where observations exceed a specified threshold c. For example, the
BS for ¢ = 0 would evaluate the performance of the model to forecast events where precipitation actually occurs. Again, we

investigate BSS for a specific threshold

model _ <Bsc>m0del
BSS o (1 o <Bsc>baseline 100’

where the BS is averaged over all stations, run times, and lead times.

D5 Rank histogram

The define the discrepancy between the predicted forecast density at each rank and the uniform histogram density as
M+1

R=3 (1o

where r,,, denotes the density at rank m.

1
T'm — T ’ (M + 1)) 100, (D8)

D6 Energy score
The ES is defined as

1
ES(p,0) = Epllp —ol|2 — 5 Eprllp—Pll2 (D9)
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where p and p’ represent identically distributed independent samples from the post-processed joint distribution and ||o the

n-dimensional Euclidean norm. Using the above formulation, we define the energy skill score as

el <Esmodel>
ESSmO = <]. - W 100;
( )

averaged over all stations and run times.
D7 Diebold-Mariano test

Given two sets of forecast scores for two models h and g at station s, the individual set is denoted as {SZ-(f ) }E%T . The ith score

differential is thus defined by §; = Si(f )~ Si(g ). The DM test statistic can then be computed by

RXT

- 1
: 5=RxT§5i7 (D10)

and is approximately standard normal in case of equal predictive performance. The denominator holds the heteroscedastic and

autocorrelation consistent estimator (Amisano and Giacomini, 2007) of the asymptotic variance, defined by

k—1 1 RXT
“2 S Y
o —’yo+2j;%, 'YJ*RXTi:;rl(éz 0)(Gi—j —9).

The time lag window at which we consider autocorrelation is denoted by k. Since temporal correlation is present in our signal
and consecutive daily run times overlap in target lead times, we set the lag time window to equal k£ = 57", which covers the
maximal extent of overlap between a forecast at run time 7 and r+ 5, with the lead time spanning 5 days. The abrupt truncation
of the lag window did not introduce any negative variance estimates and therefore does not apply Bartlett weights at each
lag j. In accordance with Feik et al. (2024), we apply the Benjamini-Hochberg correction (Benjamini and Hochberg, 1995)
for selecting the appropriate p-value at each station separately. We report the ratio of rejected and accepted null hypothesis

outcomes for each model pair based on the CRPS.

E Hyperparameters

All compared methods, TC-ANet, BQN, and MBM, use the same training procedure hyperparameters. All methods use the
AdamW (Loshchilov and Hutter, 2019) solver with a learning rate of 10~3, weight decay of 108, and tolerance of 10. The
tolerance is increased to 20 for the training of TC-ANet’s joint decoder model, since we observed that it requires longer to
converge than its marginal counterpart. The feature sizes of individual layers for TC-ANet are recorded in Table E1. The

number of parameters for the BQN and MBM backbone is recorded in Table E2.
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Attention block | Marginal decoder Joint decoder Joint decoder Joint decoder Total parameter
embedding size embedding size channel size kernel size embeddlng size count
32 | 128 32 3 36659

Table E1. The individual module parameter counts for the TC-ANet model. These values were determlne by a grld search over multiple

parameter combinations.

Number of fully Per layer feature Total parameter
connected layers count count
3 31961

Table E2. Number of fully connected layers and features per layer for the neural network backbone of the BQN and MBM methods.
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