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ABSTRACT

We present an operations-ready multi-model ensemble weather forecasting system which uses hybrid
data-driven weather prediction models coupled with the European Centre for Medium-range Weather
Forecasts (ECMWF) ocean model to predict global weather at 1-degree resolution for 4 weeks of lead
time. For predictions of 2-meter temperature, our ensemble on average outperforms the raw ECMWF
extended-range ensemble by 4-17%, depending on the lead time. However, after applying statistical
bias corrections, the ECMWF ensemble is about 3% better at 4 weeks. For other surface parameters,
our ensemble is also within a few percentage points of ECMWF’s ensemble. We demonstrate that
it is possible to achieve near-state-of-the-art subseasonal-to-seasonal forecasts using a multi-model
ensembling approach with data-driven weather prediction models.

Keywords Weather forecasing · Deep learning · S2S forecasting · Ensemble models

1 Introduction

In the last few years, early toy models for data-driven weather prediction [Dueben and Bauer, 2018, Weyn et al., 2019]
have yielded into highly accurate and reliable forecasting systems. Pangu-Weather [Bi et al., 2023] and GraphCast [Lam
et al., 2023] were the first models to attain the same or better accuracy than traditional numerical weather prediction
(NWP) models, such as the European Centre for Medium-range Weather Forecasts (ECMWF) Integrated Forecast
System (IFS), on many prediction tasks. Meanwhile, these data-driven models are joined by a rapidly-expanding
repertoire of other weather forecasting models (e.g., Keisler [2022], Pathak et al. [2022], Chen et al. [2023a], Chen et al.
[2023b], and Nguyen et al. [2023]).

While the accuracy of these models is impressive, we believe that some important details necessary for the full utilization
of these models have not been sufficiently addressed. Some of these limitations include

1. Many of the models have not been tested on extended-range forecasting in the two- to six-week subseasonal-
to-seasonal (S2S) time scales. Despite the importance of these time scales for a variety of applications such
as agriculture and risk management, the models cannot be expected to generalize. While some data-driven
models, including the DLWP ensemble of [Weyn et al., 2021], FuXi-S2S [Chen et al., 2023c], the SFNO
[Bonev et al., 2023], and NeuralGCM [Kochkov et al., 2024], have been run at S2S or longer time scales, some
key considerations, including the need for post-processing, that have not been fully addressed.
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2. The models have predominantly been chasing deterministic forecast accuracy, while probabilistic forecasts
are often more useful for decision-making. Some papers have developed ensemble models, including DLWP,
GenCast [Price et al., 2023], NeuralGCM, and FuXi-S2S, but all use different methods and have not been
compared. Additionally, while some models have been run in operations (c.f., notably, ECMWF’s ai-models
repository, and GraphCast’s release of a tuned model), questions remain about operationalization of ensemble
forecasts, including generalization to initial condition data.

3. The use of regression losses in training data-driven weather models has resulted in deterministic forecasts
which overly smooth fine-scale features, limiting the models’ ability to capture the full range of weather
phenomena. It also “games” the target metrics such as the root-mean-squared-error (RMSE), which are
optimized by ensemble-mean-like forecasts, making it difficult to benchmark the actual skill of different
models (some models perform particularly well on RMSE at longer lead times because of this smoothing).
Notably, models based on denoising diffusion (GenCast) or adverserial losses [Kunyu, Ni, 2023] have shown
promise, even if they may be worse on RMSE.

4. Data-driven weather forecasting models have until now sought to establish themselves as the most accurate;
however, no approach to leverage the strengths of various model architectures or a combination of data-driven
and traditional NWP models has been proposed.

In this work, we propose an ensemble of data-driven weather prediction models for operational sub-seasonal forecasting.
We aim to partially address some of the above limitations by developing a model that is operationalized, tested on
extended-range forecasting, and provides probabilistic forecasts. We also train multiple models based on several
architectures to demonstrate the feasibility of a multi-model data-driven approach, which has been successful for
traditional NWP [e.g., Kirtman et al., 2014], and propose a combined ensemble of both data-driven and traditional
NWP models. The scope of this work is limited to the development of the ensemble and the demonstration of its skill
on a few selected tasks. Notably, we do not aim to provide a deep dive into the development of the individual models,
or detailed evaluation metrics, but rather to demonstrate the feasibility of the ensemble approach.

2 Methodology

2.1 Data

All the models are trained on a subset of the ECMWF ERA5 reanalysis dataset [Hersbach et al., 2020] conservatively
re-gridded to a spatial resolution of 1 degree. Even though our models’ temporal resolution is 6 hours, we include
data samples at every 3 h. The weather parameters include geopotential (z), temperature (t), specific humidity (q), and
zonal and meridional wind components (u and v) at five atmospheric pressure levels (1000, 850, 700, 500, and 200
hPa), as well as the following single-level parameters: 2-meter temperature, 2-meter dewpoint, 10-meter u and v wind
components, total column water vapor, mean sea-level pressure, total cloud cover, and sea surface temperature (SST).
The training data spans from 1979 to 2014, with validation and testing spanning 2015-2016 and 2017-2018 respectively.
Each model takes as input two time steps of data (t and t− 6 hours) and predicts the weather parameters at the next two
time steps (t+ 6 and t+ 12 hours). Forecasts can be made indefinitely into the future by using the predicted values as
input for the next time step in an autoregressive fashion.

In addition to the ERA5 input data, we also prescribe the known incoming solar radiation (insolation), topography, and
land-sea mask, and SSTs as features at each forward integration step. The insolation provides information about diurnal
and seasonal cycles to the model. During training, the SSTs are taken from the ERA5 dataset, while during forecasting,
they are taken from the ECMWF IFS model. This SST input is essentially coupling the data-driven models with a
physics-based ocean model, which adds key information about long-term variability needed for subseasonal forecasting.

At inference time, the input features are taken from the extended-range (46 days) ensemble forecast system (EEFS)
of the ECMWF IFS model, available through the Meteorological Archive and Retrieval System (MARS). Since an
upgrade in June 2023, the EEFS provides 100 perturbed members with different initial conditions. Each of our five
data-driven models is run on twenty of these initial conditions such that our ensemble size is also 100.

2.2 Models

For our ensemble of data-driven weather prediction models, we use five trained models based on three architectures: a
model based on MS-Nowcasting [Klocek et al., 2022], which in turn is loosely a convolutional neural network with long
short-term memory (ConvLSTM); a transformer backbone with adaptive Fourier neural operators [FourCastNet, Pathak
et al., 2022]; and a graph neural network (GNN) based on GraphCast [Lam et al., 2023]. Each model was independently
optimized and validated for S2S forecasts and ranked for selection in the ensemble. In brief, the models are as follows:
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• A modified MS-Nowcasting model. A combination of ConvNeXt [Liu et al., 2022] and ConvLSTM autoen-
coders with customized dilated convolutional blocks, it has approximately 15 million parameters.

• A FourCastNet model. Based on the FourCastNet architecture, we reduced the patch size to only 2 × 2 to
reduce the effect of downsampling. It has approximately 46 million parameters.

• A GNN model trained with the GraphCast implementation in NVIDIA’s Modulus library. It uses a 6-level
multi-mesh and has approximately 20 million parameters. Unlike other models, this checkpoint did not
undergo the first phase of autoregressive fine-tuning (see Section 2.3).

• A GNN model based on our own implementation of GraphCast, which also has a 6-level multi-mesh and
approximately 20 million parameters. It differs slightly from the Modulus implementation in optimizer
parameters.

• Another GNN like the previous model. This one, though, also accepts as input features the insolation and
SSTs from the target time steps, in addition to the input time steps.

2.3 Training strategy

Similarly to the autoregressive training strategy in FourCastNet [Pathak et al., 2022] and GraphCast [Lam et al.,
2023], we first pretrain the models on the ERA5 dataset using a mean squared error (MSE) loss on just one forward
iteration. The learning rate is adjusted using cosine annealing following a linear ramp-up. We then fine-tune the
model using a lower fixed learning rate with two forward steps (i.e., four time steps with a maximum lead time of 24
hours), backpropagating the loss through the two steps. This is done to ensure that the model is trained on the same
autoregressive policy used for inference, to reduce the likelihood of large errors accumulating over time.

To optimize the model for the operational forecasting task, we finally apply another fine-tuning training using data from
the IFS operational analysis from 2017-2022. The smaller dataset and continued use of two autoregressive steps helps
ensure the model does not overfit too much to the operational data.

2.4 Statistical bias correction

In extended-range forecasting for subseasonal or longer time scales, NWP models are prone to systematic biases such
as model drift, which occurs because physical conservation laws are not perfectly followed in weather forecasting
models. To correct for this, ECMWF applies in its operational subseasonal-to-seasonal (S2S) forecasts a statistical bias
computed using the average known forecast error over hindcasts run for the previous 20 years. For each Monday and
Thursday 00 UTC initialization, a hindcast of 10 ensemble members is run for the previous 20 years, and the average
error is computed for each lead time averaged over the ensemble members and over each lead week. The average error
for three calendar dates (one prior and one after the date of interest) is then used to correct the operational forecast.

This bias correction has a substantial impact on the performance of the ECMWF baseline. Despite evidence that
data-driven models also have systematic biases, no recent literature other than Weyn et al. [2021] has attempted to
apply a similar bias correction to these models. For this work, we also download all the hindcast initial conditions
from MARS to compute the equivalent correction for hindcasts from our ensemble of data-driven models. There is no
concern about overlapping the training data with the hindcast data, as the hindcast data is known a priori to making the
operational forecasts.

3 Results

Our goal here is to broadly demonstrate the performance of our ensemble of data-driven weather prediction models. To
compare with the latest 100-member ECMWF IFS extended-range ensemble, we limit our test set to forecasts issued on
Mondays and Thursdays at 00 UTC time starting on July 3, 2023 until Dec 31, 2023. All verification data are from
the IFS operational analysis. We focus on the 2-meter temperature and other surface parameters, as these are crucial
for S2S forecasting applications. We compare the performance of our ensemble to the raw ECMWF extended-range
ensemble, as well as the ECMWF ensemble after applying the statistical bias correction. We only present aggregated
metrics, as a more detailed evaluation is beyond the scope of this work.

Figure 1 shows the spatial distribution of the bias in 2-meter temperature for the ECMWF ensemble and our ensemble.
The bias is computed as the difference between the ensemble mean of the operational forecast and the operational
analysis verification. While our uncorrected model has generally smaller biases compared to the raw ECMWF ensemble
(with the exception of the warm bias over Canada), the effect of bias correction is clearly improving the ECMWF
results more than those of our ensemble. Nevertheless, bias correction is still helping, particularly in the case of the
aforementioned warm Arctic.

3
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Figure 1: Spatial distribution of the bias in 2-meter temperature. The bias is computed as the difference between the
ensemble mean of the operational forecast and the ERA5 reanalysis. Numbers in each subplot are the global average.
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Figure 2: CRPS and ESSR for 2-meter temperature. (a) CRPS for 2-meter temperature, as a function of lead time
(weeks). (b) Ratio of ensemble spread to skill.
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Figure 3: Spatial distribution of the CRPS score for 2-meter temperature. The CRPS indicates the quality of the
probabilistic forecasts (lower is better) and reduces to the mean absolute error for a deterministic forecast.

We measure the performance of the ensembles with the headline continuous ranked probability score (CRPS) and the
ensemble spread-skill ratio (ESSR) metrics. All metrics are area-weighted. The CRPS is a proper scoring rule; that is,
it is optimized when the distribution of the ensemble matches the expected distribution of observations. Meanwhile
the ESSR is the ratio the ensemble spread (standard deviation) to the skill (root-mean-squared error of the ensemble
mean) of the ensemble; it roughly measures whether the variance in the ensemble is well-calibrated. Figure 2 shows the
CRPS and ESSR for 2-meter temperature. The CRPS for our ensemble is about 4% (17%) lower than that of the raw
ECMWF ensemble at week 4 (week 1), indicating better probabilistic forecasts. However, after applying the statistical
bias correction, the ECMWF ensemble is about 3% better at 4 weeks. The modest impact of bias correction on our
ensemble’s performance may be due to a lower overall bias in the raw predictions, or a lack of consistency between
forecasts made on the train versus test sets. Our uncorrected ensemble has a spread-skill ratio of about 0.9, nearly
the same as that of the raw ECMWF ensemble. After bias correction, the ECMWF ensemble’s spread-skill ratio of
increases to nearly 1, indicating a better-calibrated ensemble. Interestingly, if we compare the spread in a 100-member
ensemble with only initial condition perturbations (using only the best-performing GNN architecture, shown as the
pink dashed line in Fig. 2b) to that of our multi-model ensemble (blue line), we see that the multi-model approach
substantially increases ensemble spread, particularly at early lead times.

Also included in the above results is a combined ensemble using 200 total members, 100 from our ensemble and 100
from the ECMWF ensemble. The effect of combining the data-driven and NWP forecasts clearly boosts the spread in
the ensemble, indicated by an ESSR of 1.1 at week 1, and leading to slightly improved CRPS scores at all lead times
relative to the corrected ECMWF ensemble. This suggests that the data-driven models are capturing different sources of
uncertainty than the NWP models, and that the combination of the two can lead to better probabilistic forecasts.

The spatial distribution of the CRPS score at week 4 for 2-meter temperature is shown in Figure 3 for both corrected
ensembles. Remarkably, the error patterns are nearly identical, suggesting that the data-driven models are capturing the
same sources of uncertainty as the NWP models. When evaluating the aggregated metrics over land only, our ensemble
increases its lead in week-4 CRPS over the raw ECMWF ensemble to 14% instead of 4%, but after corrections the
scores remain in favor of ECMWF.

Another indication of ensemble reliability is the rank histogram, which should be approximately uniform if the ensemble
is well-calibrated. Figure 4 shows the rank histogram for the 2-meter temperature forecasts at week 4. The rank
histogram for our ensemble, including after bias corrections, is clearly U-shaped, indicating that many observations fall
outside the range predicted by the ensemble, and thus the ensemble is under-dispersive. The rank histogram for the
raw ECMWF ensemble is also under-dispersive, and also clearly shows the effect of the overall model cold bias. After
applying the statistical bias correction, the rank histogram for the ECMWF ensemble is much improved. The combined
ensemble, however, has a rank histogram that is nearly uniform, indicating that the combination of the two ensembles
has improved the reliability of the forecasts.

Finally, we also show CRPS scores for 2-meter dewpoint temperature and total cloud cover in Figure 5. The CRPS
scores for these parameters are within a few percentage points of the ECMWF ensemble, indicating that our ensemble
is also competitive for these parameters. The effect of bias correction is reduced and sometimes even detrimental
for these parameters. Our ensemble also predicts 6-hourly accumulated precipitation with a diagnostic model similar
to that of Pathak et al. [2022], but this model scores about 12-25% worse than the ECMWF ensemble (not shown).
We attribute this primarily to inadequacy in the diagnostic precipitation model, which needs to be improved, and in
particular, fine-tuned for application on long lead time forecasts.
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Figure 4: Rank histogram for 2-meter temperature for each ensemble. The rank histogram shows the distribution of
the rank of the operational analysis verification within the ensemble.
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Figure 5: CRPS for other surface parameters. (a) CRPS for 2-meter dewpoint temperature, as a function of lead time
(weeks). (b) As in (a) but for total cloud cover.
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4 Discussion

Using a multi-model ensembling approach, we have shown that near-state-of-the-art sub-seasonal-to-seasonal forecasts
are possible using data-driven weather forecasting models. Our ensemble is competitive with the ECMWF extended-
range ensemble, and even outperforms the latter by some measures. The combination of the two ensembles, even when
ours is weaker, leads to equal or better probabilistic forecasts than either ensemble alone. Like other data-driven weather
forecasting models, ours are extremely time-efficient to run, requiring less than 2 hours to produce 100 30-day forecasts
on a single NVIDIA V100 graphics processing unit, including all data input/output time. Returning to the key points
raised in the Introduction, our work contributes to the growing repertoire of operational data-driven weather forecasting
ensemble models in a few key ways:

1. Our models have been tested on extended-range forecasting on time scales longer than 15 days, and have shown
competitive performance with the latest state-of-the-art in extended-range ensemble forecasting. Notably, we
also consider the effect of statistical bias correction on the performance of the models at these time scales.

2. Like some other papers in the field, we have addressed the need for probabilistic forecasts at longer lead times.
We have not, however, attempted to directly compare different ensemble generation methods. We have shown
the feasibility of running an extended-range ensemble of models with operations-ready data, but the hindcast
corrections show that there may still be issues with consistency between the training and test sets.

3. Our models continue to use regression losses, and thus are not an improvement towards better capturing
realistic weather patterns at all scales. However, we limit the model fine-tuning to only 24 hours of lead time
as a way to limit smoothing of the forecasts, and clearly present ensemble results for fair comparison to other
ensemble methods.

4. Our multi-model approach is yet another way to generate ensembles, but notably, instead of optimizing a
single model for best performance, we can leverage the strengths of various model architectures. We also show
that a simple combination of data-driven and traditional NWP models can lead to better probabilistic forecasts,
particularly by improving the reliability of the ensemble as seen in the rank histogram (Fig. 4).

Our results show promise for operationalizing ensembles of data-driven weather forecasting models. However, many
open questions still remain for future research. Most notably, the scope of our evaluations was limited and did not
consider extreme events such as heat waves and drought, which are critical to forecast at subseasonal time scales.
Additionally, we did not address some remaining challenges in the development of the individual models, such as the
need for better precipitation forecasts, or other ensemble generations methods such as learned denoising diffusion
models. Nevertheless we hope that this work will lead to further efforts to optimize ensemble forecasts by fully
leveraging the strengths of different model approaches and a combination of data-driven and traditional NWP methods.
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