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Abstract

Although numerical weather forecasting methods have
dominated the field, recent advances in deep learning meth-
ods, such as diffusion models, have shown promise in en-
semble weather forecasting. However, such models are typ-
ically autoregressive and are thus computationally expen-
sive. This is a challenge in climate science, where data can
be limited, costly, or difficult to work with. In this work,
we explore the impact of curated data selection on these
autoregressive diffusion models. We evaluate several data
sampling strategies and show that a simple time stratified
sampling approach achieves performance similar to or bet-
ter than full-data training. Notably, it outperforms the full-
data model on certain metrics and performs only slightly
worse on others while using only 20% of the training data.
Our results demonstrate the feasibility of data-efficient dif-
fusion training, especially for weather forecasting, and mo-
tivates future work on adaptive or model-aware sampling
methods that go beyond random or purely temporal sam-

pling.

1. Introduction

In the field of climate science, weather forecasting and
in particular ensemble forecasting has typically been con-
ducted using numerical weather prediction (NWP) models.
But in recent years, utilizing diffusion models has gained
traction in ensemble weather forecasting. These models
are known for their probabilistic generation capabilities and
are trained in an autoregressive fashion. However, this fact
makes them computationally demanding to train. At the
same time, high-quality scientific data, especially within the
climate and weather domains, can be limited or costly. Both
of these constraints pose a significant barrier to the broader
use of diffusion-based forecasting models when data is re-
stricted.

While prior work in this field has largely focused on im-
proving model architecture or forecasting accuracy, less at-
tention has been paid to the role of data selection in train-
ing these models. Our aim is to explore the potential of

curated data sampling to reduce training requirements. Our
approach evaluates several simple sampling baselines under
a fixed 20% data budget. Our findings show that stratified
time sampling, which ensures uniform representation across
months, achieves performance close to full-data training
across most metrics such as Continuous Ranked Probabil-
ity Score (CRPS), Root Mean Squared Error (RMSE), and
even surpasses it on Spread/Skill Ratio (SSR).

Our contribution: We conduct the first focused eval-
uation of curated data sampling strategies for training au-
toregressive diffusion models in ensemble weather forecast-
ing. We show that stratified time sampling, a simple tempo-
ral coverage heuristic, achieves performance comparable to
full-data training while using only 20% of the data and even
outperforms it on SSR. We present this setup as a strong
baseline for future work on adaptive, model-aware data
selection strategies in machine learning ensemble weather
forecasting.

2. Related works

2.1. Diffusion Models

Diffusion models are a class of generative models that learn
to synthesize data by reversing a gradual noise corruption
process [? ]. Originally developed for image generation,
they have achieved state-of-the-art results in high-fidelity
synthesis across domains such as text-to-image [? ], image-
to-video [? ], and 3D generation. These models are typi-
cally trained to predict either noise or denoised samples at
each step of a predefined diffusion process, and sample gen-
eration is carried out by iteratively denoising from a Gaus-
sian prior.

Recent advances have improved the training stability and
sampling efficiency of diffusion models using techniques
such as improved noise schedules [? ], score-based model-
ing [? ], and accelerated samplers. Due to their ability to
model complex, multi-modal distributions and produce cal-
ibrated uncertainty estimates, diffusion models can have a
wide range of scientific domain applications.



2.2. Diffusion Models for Ensemble Forecasting

NWP has long been the backbone of operational forecast-
ing, but it remains computationally expensive and heavily
reliant on physical parameterizations that are difficult to
tune and generalize [? ]. Recently, deep learning meth-
ods have emerged as fast and flexible alternatives, offering
the potential to reduce inference time while maintaining ac-
curacy such as Pangu-Weather [? ]. Among these, diffusion
models like GenCast [? ] or LADCast have shown particu-
lar promise for ensemble forecasting due to their ability to
generate diverse, calibrated samples. GenCast demonstrates
improved probabilistic calibration and perceptual quality
compared to deterministic baselines [? ]. In addition, there
has been work to further improve these models architec-
turally such as LaDCast [? ]. Complementing this, recent
work by ? ] proposes a continuous-time diffusion model
for ensemble weather forecasting that allows generation at
arbitrary lead times. These methods suggest that diffusion
models are well suited for data-driven ensemble forecasting.

2.3. Data Selection and Coreset Methods

Selecting informative subsets of data has been studied ex-
tensively in the context of coreset selection, curriculum
learning, and training-data pruning. A recent survey by ? |
outlines a wide range of approaches, from geometry-based
selection (e.g., clustering, herding) to training-dynamics-
aware methods based on gradient similarity, influence func-
tions, or loss trajectories. By reducing the number of train-
ing examples without significantly sacrificing performance,
these methods can substantially improve training efficiency.
Such efficiency reduces computational costs, improving the
sustainaiblity of these models and reducing their impact on
the environment [? ]. While these techniques have shown
promise in reducing training cost for image classification
and language modeling, they remain largely unexplored in
climate or spatiotemporal forecasting domains.

Recent methods like ICONS [? ] and COINCIDE [? ]
use model-aware selection to retain performance with only a
fraction of data in vision-language settings. However, such
methods are rarely applied in scientific domains, where pre-
trained models may be unavailable and training dynamics
are less stable.

2.4. Dataset Distillation

Dataset distillation aims to synthesize a small dataset that,
when used to train a model, yields performance comparable
to training on the full dataset. ? ] introduced this founda-
tional idea, treating distilled images as hyperparameters op-
timized to match a target model’s final performance. Sub-
sequent work improved fidelity and generality of synthetic
datasets using gradient matching [? ], label learning [? ],
differentiable augmentations [? ] or via trajectory matching
methods [? ].

In contrast, our work focuses on simple, static heuristics
and evaluates their effectiveness in a data-scarce, domain-
specific setting. Despite the simplicity of these strategies,
we find they can approach or even exceed full-data perfor-
mance on some forecasting metrics, motivating future work
on model-aware sampling tailored to scientific domains.

3. Methods
3.1. Task and Dataset

We study the task of global ensemble weather forecasting
using data from the ERAS reanalysis dataset [? ]. Specifi-
cally, we focus on predicting atmospheric and surface-level
variables at future time steps based on current and past con-
ditions. Forecasts are produced at 24-hour intervals for lead
times ranging from 0 to 240 hours (0 to 10 days).

Our experiments use the downsampled version of ERAS
provided by the WeatherBench benchmark [? ] which
offers global coverage at 5.625° spatial resolution and 1-
hour temporal increments. The 5 main variables we fo-
cus on are: geopotential at 500 hPa (z509), temperature
at 850 hPa (ts50), 2-meter surface temperature (t2m), and
the 10-meter zonal and meridional wind components (u1g
and v1p). These variables capture both mid-atmosphere dy-
namics and near-surface conditions, making them suitable
for our weather forecasting task. We preprocess the data
exactly as ? ] does. All variables are standardized by
removing the training set mean and dividing by the stan-
dard deviation In addition to dynamic inputs, we include
static fields such as the land-sea mask and orography, both
rescaled to lie in the [0, 1] range. The dataset is split by
year: 1979-2015 for training, 2016-2017 for validation,
and 2018 for testing. Forecasts are initialized from every
hour of the year, excluding the first 24 hours and final 10
days to avoid overlap across splits.

3.2. Baseline Methods

Using autoregressive diffusion models for ensemble
weather forecasting can become challenging and inefficient
when it comes to collecting, storing, and using large-scale
data. Motivated by this, we evaluate the impact of various
data selection methods on the performance of such diffusion
models. Specifically, we compare selection methods under
a fixed training budget of 20% of the full training set. Our
aim is not to propose a new sampling method, but to bench-
mark simple baselines and assess whether targeted selection
can approach or even exceed full-data performance.

Full-Data. This baseline uses the entire training period
from 1979-2015 and serves as the upper bound in our com-
parisons.

Random. This baseline samples 20% of the training data
uniformly at random. While straightforward, it is sensi-
tive to temporal autocorrelation in weather data: samples



drawn from nearby time points may overrepresent certain
weather phenomena while missing others entirely. As a
result, random sampling can occasionally match stronger
baselines but often shows high variance and inconsistent
performance.

K-Means. To obtain a representative 20% training sub-
set, we apply dimensionality reduction followed by clus-
tering in feature space. First, we flatten each training ex-
ample and extract a feature matrix of shape (N, D), where
N is the length of the full data. We then apply Princi-
pal Component Analysis to reduce this to M dimensions
(M < D), capturing the dominant structure in the dataset.
KMeans clustering is applied to the PCA-transformed data
with & = 0.2 x N clusters. From each cluster, we select the
data point closest to the centroid. This procedure ensures
broad coverage across distinct data modes while avoiding
redundancy. Unlike random sampling, this method provides
a systematic and low-dimensional summary of the training
distribution.

Greedy Diverse Sampling. This method selects a subset
of data points that are maximally diverse in spatial structure.
We compute a distance metric (e.g., Euclidean distance be-
tween spatially averaged fields) and use a greedy algorithm
to iteratively select the next example that is most dissimi-
lar from those already chosen. The goal is to maximize the
coverage of the training subset across distinct atmospheric
configurations. Unlike K-means, this method does not im-
pose global clusters, but instead builds a diverse set point
by point. However, it can be sensitive to outliers and local
variations.

Stratified Time Sampling. This method selects a fixed
number of training samples uniformly from each calendar
month across the full training period. This ensures that
each subset includes a diverse range of seasonal condi-
tions, such as winter storms, summer heatwaves, and tran-
sitional weather patterns. Unlike random sampling, which
may overrepresent certain months or weather regimes due to
temporal autocorrelation, stratified sampling provides bal-
anced exposure to climatological variability.

While the method is simple and does not explicitly opti-
mize for diversity or representativeness in feature space, it
is guided by a strong domain prior: weather is highly sea-
sonal, and adequate training across all months is crucial for
generalization. In our experiments, stratified time sampling
performs consistently well across metrics and variables, and
even outperforms full-data training in forecast skill (SSR)
on certain targets. These results suggest that temporally bal-
anced sampling is a surprisingly effective strategy for data-
efficient training in ensemble forecasting.

Other Baselines. We also evaluate spatial stratification,
and herding-based subset matching. While these methods
typically underperform compared to stratified time sam-
pling on SSR, they often achieve RMSE and CRPS values

within a small margin of the full-data baseline. Overall, the
results suggest that many data-efficient models are compet-
itive even when trained on small but representative subsets.

4. Results
4.1. Model and Training Setup

Our experiments use a fixed diffusion model architecture
across all sampling strategies. The model is trained to fore-
cast the weather state 24 hours into the future, given the
current state. This setup mirrors the AR-24h configuration
described in prior work [? ? ], where a single-step 24-
hour-ahead model is rolled out autoregressively during in-
ference to produce multi-day forecasts. The model is con-
ditioned on dynamic input fields and static geographic fea-
tures (land-sea mask and orography), all of which are stan-
dardized or normalized as described in the previous sec-
tion. Across all experiments, we keep the model archi-
tecture, training objective, and hyperparameters fixed. The
only variable is the subset of training data used, which is
determined by the sampling strategy. This allows us to iso-
late the effect of data selection on forecasting performance.
We evaluate all sampling methods on the 2018 test year us-
ing the metrics described in the next section. Forecasts are
generated autoregressively up to 10 days in 24-hour incre-
ments, and metrics are computed at 5-day and 10-day lead
times.

4.2. Evaluation Metrics

We evaluate forecasting performance using three standard
metrics from the weather and climate modeling literature:
RMSE, CRPS, and SSR. These metrics are computed over
the forecast lead times of interest, at 5 and 10 days.

RMSE. Measures the average difference between the en-
semble mean forecast and the ground truth. It captures over-
all predictive accuracy and is sensitive to large errors.

CRPS. A probabilistic scoring rule that generalizes
RMSE to full distributions. It compares the predicted en-
semble distribution to the true outcome, rewarding both ac-
curacy and sharpness [? ].

SSR. The Spread/Skill Ratio is a calibration metric that
compares ensemble spread to forecast error. Ideally, SSR
should be close to 1, indicating that the model’s uncertainty
estimates are well-calibrated [? ].

4.3. Main Results

Our key finding is that stratified time sampling achieves
comparable or better performance than full-data training on
SSR, despite using only 20% of the training data. For all
metrics on both 5-day and 10-day lead times this stratified
time outperforms or matches the full-data model in SSR,
while maintaining close RMSE and CRPS.



Sampling Method CRPS RMSE SSR
Sdays 10days 5days 10days Sdays 10 days

Full Data 242.66 3352 544.19 75052 0.84 0.94
Greedy Diverse 265.07 363.61 575.10 78272  0.87 0.95
Herding 289.10 379.70  609.33  807.61 0.70 0.88
KMeans 264.35 366.67 570.01 784.81 0.85 0.93
Random 267.02 36876 571.24 78221 0.85 0.95
Spatial 26490 36138 579.11 78823  0.86 0.94
Stratified Time 257.58 3602 560.87 779.36  0.89 0.97

Table 1. Forecast performance for z500 at 5-day/10-day lead times.
Lower is better for RMSE and CRPS; closer to 1 is better for SSR.

Sampling Method CRPS RMSE SSR
Sdays 10days Sdays 10days 5days 10 days

Full Data 1.24 1.6 2.55 3.25 0.89 0.96
Greedy Diverse 1.36 1.73 2.69 3.38 0.92 0.96
Herding 1.44 1.79 2.82 3.47 0.79 0.90
KMeans 1.35 1.74 2.67 3.39 0.90 0.95
Random 1.36 1.74 2.68 3.38 0.90 0.95
Spatial 1.38 1.76 2.72 3.42 0.90 0.94
Stratified Time 133 1.72 2.64 3.37 0.93 0.98

Table 2. Forecast performance for ¢s50 at 5-day/10-day lead times.
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Figure 1. SSR across sampling methods for z500. Stratified time
performs best.

4.4. Sampling Discussion

Stratified time sampling performs best among the 20% data
baselines, likely due to its coverage across all months in
the training period. By ensuring that each season is rep-
resented across the 12 months, the model is exposed to
a more balanced variety of atmospheric phenomena (e.g.,
winter storms, summer heatwaves). In contrast, other meth-
ods such as random or spatial sampling may inadvertently
over-sample from particular times of year, leading to sea-
sonal biases and poorer generalization.

Across all baselines, we observe that RMSE and CRPS
remain relatively stable since most models perform within
a relatively narrow margin of the full-data baseline for each

variable. In contrast, SSR shows larger variation, with some
methods producing significantly underdispersed ensembles.
This suggests that sampling diversity plays a more critical
role in calibrating uncertainty estimates than in improving
point prediction accuracy. As SSR depends on the align-
ment between forecast error and spread, models trained on
more representative data subsets are better able to learn un-
certainty structure.

4.5. Findings on Other Variables

We include full results for ¢t2m, u1g, v19, and wsig in Ap-
pendix ??. These follow similar trends: stratified time per-
forms consistently well, and most 20% subsets yield reason-
able accuracy despite the data reduction. However, surface
variables tend to show slightly larger performance gaps,
likely due to their greater local variability.

5. Discussion and Future Work

Our experiments show that simple data sampling strate-
gies like stratified time sampling can enable strong per-
formance in diffusion-based ensemble weather forecasting,
even when using only 20% of the training data. Stratified
time sampling consistently achieves comparable CRPS and
RMSE to full-data training and even outperforms it on SSR
in several cases. This result is especially notable given the
simplicity of the method, which selects a fixed number of
samples uniformly from each calendar month. At the same
time, our findings highlight important limitations and op-
portunities. All sampling baselines we evaluate are manu-
ally designed, static, and not data-driven. Additionally, our
experiments are limited to a single test year (2018), which
may not capture longer-term variability. Still, the fact that
such simple, non-adaptive sampling methods can match or
even exceed full-data performance in some cases with only
20% of the original training data, strongly motivates further
exploration in this direction of curated data subsets.

6. Conclusion

In this work, we present a first study on data-efficient train-
ing for autoregressive diffusion models in ensemble weather
forecasting. By evaluating several sampling strategies un-
der a fixed 20% data budget, we show that simple heuristics,
in particular stratified time sampling, can achieve perfor-
mance comparable to full-data training, and in most cases
even improve forecast skill. These findings suggest that
thoughtful data selection can substantially reduce training
cost without sacrificing quality. Our results provide a foun-
dation for future work on adaptive, model-aware sampling
strategies for scientific forecasting domains.
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Supplementary Material

A. Appendix
A.1. Full Results

Here we show the tables and results for our sampling meth-
ods on t2m, u1g, V10, and wsyg. The performance of the
sampling methods largely remain the same across all vari-
ables including the two from the main paper.

Sampling Method CRPS RMSE SSR
Sdays 10days Sdays 10days 5days 10 days

Full Data 0.87 1.09 1.98 2.48 0.90 0.95
Greedy Diverse 0.97 1.19 2.12 2.60 0.93 0.97
Herding 1.01 1.24 2.20 2.68 0.82 0.91
KMeans 0.97 1.22 2.10 2.62 0.92 0.97
Random 0.96 1.20 2.09 2.60 0.91 0.95
Spatial 1.01 1.27 2.17 2.69 0.90 0.91
Stratified Time 0.94 1.17 2.06 2.57 0.93 0.98

Table 3. Forecast performance for t2m at 5-day and 10-day lead
times.

Sampling Method CRPS RMSE SSR
Sdays 10days 5Sdays 10days 5days 10 days

AR-24h (full data) 1.62 1.90 3.32 3.85 0.92 0.97

Greedy Diverse 178 207 348 401 093 097
Herding 186 211 361 408 082 093
KMeans 176 206 347 400 093 097
Random 176 207 346 401 093 097
Spatial 178 208 349 402 093 097
Stratified Time 173 205 342 399 094 098

Table 4. Forecast performance for w10 at 5-day and 10-day lead
times.

Sampling Method CRPS RMSE SSR
S5days 10days Sdays 10days 5days 10 days

AR-24h (full data) 1.68 1.96 342 3.96 0.93 0.99

Greedy Diverse 1.84 2.13 3.58 4.12 0.94 0.98
Herding 1.91 2.16 3.70 4.17 0.83 0.94
KMeans 1.82 2.12 3.56 4.11 0.93 0.98
Random 1.82 2.12 3.56 4.12 0.94 0.98
Spatial 1.84 2.13 3.60 4.13 0.94 0.98
Stratified Time 1.79 211 3.51 4.10 0.95 0.99

Table 5. Forecast performance for vio at 5-day and 10-day lead
times.

For some variables, some sampling methods seemed to
perform better than on others. However, stratified time con-
sistently provided strong results across most variables, par-
ticularly in SSR. This aligns with our intuition that tem-
poral representativeness is a strong prior in weather-related
forecasting tasks. We also provide the SSR plot across the
sampling methods for tg5y which has similar results to z50q
from ?2.
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Figure 2. SSR across different sampling methods for ¢s5¢. Strati-
fied time performs best.

A.2. Extended Sampling Variants

In addition to standard baselines, we experimented with
several hybrid sampling methods motivated by the success
of stratified time sampling. These include:

* Stratified KMeans: Combines stratified time sampling
with spatial clustering. We first divide the dataset uni-
formly across months, then within each month, apply k-
means clustering on spatial statistics to ensure diversity.

* Stratified Entropy: Selects samples with high predictive
uncertainty within each month. This encourages selection
of “harder” or more informative samples while maintain-
ing temporal uniformity.

* Stratified Spatial Diversity: Within each month, selects
samples to maximize pairwise spatial dissimilarity, mea-
sured by cosine distance between spatial mean vectors.

* Stratified KMeans++: Uses k-means++ initialization in-
stead of standard k-means within monthly bins to improve
cluster representativeness.

Each of these variants was motivated by the desire to
combine the robustness and simplicity of stratified time
sampling with additional structure. Performance results
however were lacking and thus were not included in the
main sections. These experiments nevertheless provided
valuable insights into the limitations of combining multiple
heuristics, suggesting that more principled or learned ap-
proaches to hybrid sampling may be a promising direction
for future work.



