
APPLICATION PAPER

Super-resolving coarse-resolution weather forecasts with
flow matching

Aymeric Delefosse1 , Anastase Charantonis1,2 and Dominique Béréziat3

1ARCHES, INRIA, Paris, France
2SU, Inria, Centre Inria de Sorbonne Université, Paris, France
3CNRS, LIP6, Sorbonne Université, Paris, France
Corresponding author: Aymeric Delefosse; Email: aymeric.delefosse@inria.fr

Received: 30 May 2026 UTC; Revised: 30 May 2026 UTC; Accepted: 04 June 2026 UTC

Keywords: deep learning; downscaling; generative model; super-resolution; weather forecasting

Abstract

Machine learning-based weather forecasting models now surpass state-of-the-art numerical weather prediction
systems, but training and operating these models at high spatial resolution remains computationally expensive.
We present a modular framework that decouples forecasting from spatial resolution by applying learned generative
super-resolution as a post-processing step to coarse-resolution forecast trajectories. We formulate super-resolution as
a stochastic inverse problem, using a residual formulation to preserve large-scale structure while reconstructing
unresolved variability. Themodel is trainedwith flowmatching exclusively on reanalysis data and is applied to global
medium-range forecasts. We evaluate (i) design consistency by re-coarsening super-resolved forecasts and compar-
ing them to the original coarse trajectories and (ii) high-resolution forecast quality using standard ensemble
verification metrics and spectral diagnostics. Results show that super-resolution preserves large-scale structure
and variance after re-coarsening, introduces physically consistent small-scale variability, and achieves competitive
probabilistic forecast skill at 0.25° resolution relative to an operational ensemble baseline while requiring only a
modest additional training cost compared with end-to-end high-resolution forecasting.

Impact Statement

This article shows how learned super-resolution can enhance the spatial detail of coarse-resolution weather
forecasts without retraining forecasting models at operational resolution. The approach reduces computational
requirements, making high-resolutionweather productsmore accessible in research and operational settingswith
limited resources.

1. Introduction

In recent years, machine learning (ML)-based weather forecasting has advanced significantly, with
models now matching or surpassing traditional numerical weather prediction (NWP) systems in forecast
skill and inference efficiency (Bi et al., 2023; Lam et al., 2023; Lang et al., 2026). This progress is
attributable to the development of increasingly powerful architectures and the availability of high-quality,
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multi-decadal reanalysis datasets, such as ERA5 (Hersbach et al., 2020). This new generation of models
enables rapid generation of large ensembles, but training remains computationally demanding: multi-
terabyte, high-resolution datasets impose severe data throughput andmemory constraints, which typically
require access to large-scale computational resources (Bonev et al., 2025).

At the same time, models trained at coarser spatial resolutions, where data volume and memory
requirements are far more manageable, demonstrate that competitive forecast skill can still be achieved
(Nguyen et al., 2024; Verma et al., 2024; Couairon et al., 2026). This reflects the scale dependence of
atmospheric predictability: for medium-range forecasts, skill is primarily constrained by large-scale
atmospheric dynamics (Anthes et al., 1985; Moore, 2023). However, this reduced-cost regime remains
insufficient to resolve the spatial scales that govern regional weather. These are necessary to represent the
organization and intensity of the phenomena that drive local impacts, including heavy precipitation,
strong winds, and tropical cyclones.

This motivates exploring alternative strategies that decouple spatial resolution from model training
cost. Inspired by advances in computer vision, a natural direction is to employ learned super-resolution
(SR) methods (Dong et al., 2016; Ledig et al., 2017; Saharia et al., 2023), also commonly referred to as
downscaling in the climate sciences. Rather than retraining or fine-tuning a forecasting model at higher
resolution, SR aims to learn a mapping from coarse to fine spatial scales. This approach offers
complementary advantages in modularity and efficiency: the forecasting and the downscaling models
can be developed and optimized independently. In this framework, forecasting operates at low resolution,
while super-resolution recovers subgrid-scale variability. So far, data-driven downscaling has primarily
focused on regional climate applications (Watt and Mansfield, 2024; Hess et al., 2025; Mardani et al.,
2025), typically operating on individual states and a limited set of target variables, without explicit
consideration of forecast trajectories. Notable exceptions include SwinRDM (Chen et al., 2023), which
combines a coarse-resolution recurrent forecast model with a diffusion-based upsampling step, demon-
strating the viability of cascading forecasting and generative downscaling for high-resolution weather
prediction. More recently, Climate in a Bottle (Brenowitz et al., 2025) integrates generative downscaling
within a climate modeling pipeline to produce kilometer-scale forecasts.

In this work, we apply learned generative super-resolution to globalmedium-range forecast trajectories
produced by coarse-resolution data-driven models. Using ArchesWeatherGen (Couairon et al., 2026) as a
representative forecasting system, we assess whether super-resolution can reconstruct physically mean-
ingful fine-scale structure while remaining consistent with the underlying large-scale dynamics, thereby
supporting its feasibility as a modular and computationally affordable pathway toward higher-resolution
forecasting. The remainder of the paper is structured as follows. We first introduce the problem
formulation and the proposed super-resolution framework. We then describe the generative model and
its application to forecast trajectories, followed by the experimental setup, evaluation methodology, and
results. Finally, we discuss the implications, limitations, and possible directions for future work.

2. Methods

2.1. Problem formulation

We consider the problem of reconstructing a high-resolution atmospheric trajectory consistent with a
given coarse-resolution forecast. Let xt denote the global weather state at time t. In our framework, xt
consists of six upper-air variables (temperature, geopotential, specific humidity, wind components U, V ,
and W) sampled on a latitude-longitude grid at 13 pressure levels and four surface variables (2 m
temperature, mean sea-level pressure, and 10 m wind components U and V).

2.1.1. Coarse-resolution forecasts
Let xLRt denote a low-resolution (LR) atmospheric state at time t. A forecasting model f θ is trained to
predict the future state at a fixed lead time δ,

bxLRt + δ ¼ f θ xLRt
� �

, (1)
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where δ is set to δ¼ 24h throughout this work. Forecast trajectories of length T are obtained by applying
the model autoregressively,

bxLRt + kδ ¼ f θ bxLRt + k�1ð Þδ
� �

,1≤ k≤T : (2)

Our objective is to construct corresponding high-resolution (HR) forecasts bxHRt + kδ
� �

1≤ k ≤T
.

2.1.2. The coarse-graining operator
The relationship between resolutions is formalized through a known regridding operator C. For any high-
resolution state xHRt , the associated coarse representation is given by xLRt ¼C xHRt

� �
: By construction, C

removes information associated with unresolved spatial scales and therefore defines a lossy, non-
invertible mapping. The super-resolution problem can thus be viewed as learning an approximate inverse

operator C�1
ϕ such that bxHRt ¼C�1

ϕ xLRt
� �

. A design objective is that reapplying the coarse-graining

operator to the reconstructed high-resolution fields approximately recovers the original coarse state,

C bxHRt
� �

≈ xLRt : This reflects the intent to preserve the large-scale organization of the coarse state while

enriching it with unresolved structure.

2.1.3. Residual formulation
To structure this inverse problem, we adopt a residual decomposition formally analogous to a Reynolds
decomposition, in which a field is expressed as the sum of a resolved component and a fluctuating part
(Reynolds, 1895). Let I denote a deterministic interpolation operator (e.g., bicubic) mapping coarse-
resolution fields to the high-resolution grid, and define ↑xLRt ¼I xLRt

� �
:By construction, this interpolated

field preserves the large-scale structure of the coarse state but contains no genuine small-scale variability,
that is, C I xLRt

� �� �
≈ xLRt . The high-resolution state can then be written as xHRt ¼ ↑xLRt + rt, where r

represents the unresolved high-frequency residual. We train a neural network gϕ to predict this residual,brt ¼ gϕ ↑xLRt
� �

, yielding the final reconstruction

bxHRt ¼ ↑xLRt +brt: (3)

This formulation concentrates model capacity on reconstructing fine-scale structure while explicitly
preserving the large-scale information already present in the coarse field. Similar residual strategies have
proven effective in climate downscaling (Li et al., 2024; Lopez-Gomez et al., 2025;Mardani et al., 2025).

2.1.4. Stochastic inverse modeling
From a physical standpoint, the inverse problem is inherently non-unique: a coarse forecast constrains the
large-scale atmospheric flow but does not uniquely determine fine-scale structure. Subgrid variability
admits many realizations compatible with the same resolved state. Accordingly, our objective is not to
recover a single deterministic field but to learn a stochastic inverse mapping by modeling the conditional
distribution of unresolved residuals, p rtj↑xLRt

� �
. Although we operate on forecast trajectories, we do not

explicitly condition the inversemodel on temporal history. At 24-hour lead times and 1.5° resolution, fine-
scale organization is primarily constrained by the large-scale flow at that time,making additional temporal
conditioning weakly informative while increasing model complexity. We empirically verify this in
Supplementary Section C.2.

2.2. Super-resolution model

We adopt a conditional generative super-resolution approach inspired by SR3 (Saharia et al., 2023),
adapted to the residual formulation and to global weather fields. Instead of the original SR3 U-Net
backbone, we use a 3D Swin U-Net transformer architecture as in ArchesWeather (Couairon et al., 2026),
which better scales to high-resolution fields (Crowson et al., 2024). To model the stochasticity of
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unresolved scales, we train the model using flowmatching (Lipman et al., 2023), learning the conditional
distribution p rtj↑xLRt

� �
. Further architectural details are provided in Supplementary Section A.2.

2.2.1. Application to forecasts
We apply the super-resolution operator as a post-processing step to coarse-resolution forecast states for all

lead times (Figure 1a). Given a coarse-resolution forecast trajectory bxLRt + kδ
� �

1≤ k≤T
, the corresponding

high-resolution fields are obtained independently at each lead time as

bxHRt + kδ ¼C�1
ϕ bxLRt + kδ
� �

,1≤ k≤T : (4)

In the following, we consider ArchesWeatherGen as the coarse-resolution forecasting framework,
which is augmented by the proposed super-resolution approach.

3. Experiments

3.1. Training and evaluation data

Training pairs xLR,xHRð Þ are constructed by regridding ERA5 data at 0.25° resolution to 1.5° using the
first-order conservative scheme. This remapping ensures that fluxes remapped to the coarse grid represent
the same net energy and mass exchange as on the fine grid (Jones, 1999). This setup corresponds to a 6×
downscaling task in both latitude and longitude. We use data from 1979 to 2018 for training, 2019 for
validation, and 2020 for testing.

3.1.1. Zero-shot application to forecasts
Although the super-resolution model is trained exclusively on reanalysis pairs, we apply it to model
forecast outputs in a zero-shot manner. This is possible because ArchesWeatherGen is trained to sample
physically plausible coarse-resolution trajectories from the ERA5 data distribution. ArchesWeatherGen
produces stochastic ensemble members such that multiple forecast realizations correspond to the same
reanalysis state. As a result, no unique supervisedmapping from forecast outputs to ERA5 exists, whereas
training exclusively on ERA5-based pairs yields a well-posed inverse regridding task that is independent
of forecast model errors.
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Figure 1. Overview of the super-resolution procedure. (a) Super-resolution is applied independently to
each coarse-resolution forecast state produced by the base forecasting model. (b) Sampling procedure:
starting fromGaussian noise, a flow-matchingmodel generates a high-resolution residual conditioned on
the interpolated coarse-resolution forecast, which is added to obtain the final high-resolution prediction.
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3.2. Evaluation methodology

Our experimental evaluation is organized around two complementary objectives: (i) validating the
consistency of the super-resolution operator with respect to the underlying coarse-resolution forecasts
and (ii) assessing the quality of the resulting high-resolution forecasts in a standard benchmarking setting.
In both sets of experiments, each high-resolution ensemble member is obtained by super-resolving the
corresponding low-resolution ArchesWeatherGen trajectory.

3.2.1. Design validation
We first assess the impact of super-resolution on coarse-resolution forecasts produced by ArchesWeatherGen
at 1:5 ° resolution. To this end, we compare re-coarsened super-resolved forecasts against the original
ArchesWeatherGen trajectories usingpattern correlation, activity ratio, andnormalizedRMSE.Re-coarsening
is performed using the same conservative regridding operator C used to construct the coarse-resolution
training data. Pattern correlation is computed as the Pearson correlation coefficient over the latitude-longitude
grid, while the activity ratio and normalized RMSE quantify changes in resolved-scale variance and
amplitude, respectively. Precise definitions of each metric are provided in Supplementary Section B.1.

3.2.2. Forecasting benchmark
In a second set of experiments, we evaluate the quality of super-resolved forecasts within a standard global
weather forecasting framework. Following the WeatherBench 2 protocol (Rasp et al., 2024) and the
experimental setup of ArchesWeatherGen, we compare post-processed high-resolution forecasts against
established baselines, including IFSENS (ECMWF, 2019),GenCast (Price et al., 2025), and a naive bicubic
interpolation of coarse-resolution ArchesWeatherGen forecasts to the target resolution, which serves as the
no-added-value baseline. The exact formula for each metric is presented in Supplementary Section B.2.

4. Results

4.1. Design validation

We assess the consistency of the super-resolution design by comparing re-coarsened super-resolved
forecasts to the original coarse-resolution trajectories produced by ArchesWeatherGen at a representative
lead time of 1 day (Figure 2). This table-based view allows a broader coverage of variables and pressure
levels while focusing on a representative short-range lead time. Across all considered surface and upper-
air variables, spatial correlations remain extremely close to unity, indicating that the large-scale spatial
structure is preserved after super-resolution and re-coarsening. Activity ratios stay near one, ruling out
both spurious variance injection and excessive smoothing. Normalized RMSE values remain uniformly
small, confirming that reinjecting super-resolved states induces only minor, well-controlled deviations
from the original coarse trajectories. Taken together, these diagnostics demonstrate that the proposed
super-resolution approach leaves the large-scale state essentially unchanged while introducing only
limited and physically consistent subgrid-scale modifications.

4.2. Quality of super-resolved forecasts

We now evaluate the quality of super-resolved forecasts using standard ensemble verification metrics as
well as physical consistency diagnostics.

4.2.1. Summary ensemble metrics
Figure 3 summarizes the performance of the differentmodels usingkey ensemblemetrics, computed in their
fair versions: Ensemble Mean RMSE, CRPS, Energy Score (ES), Brier Score, and the spread-skill ratio.
Brier Scores are evaluated at symmetric distribution tails by averaging scores at the corresponding lower and
upper quantile thresholds (e.g., 1% and 99%). All metrics are expressed as relative improvements with
respect to IFS ENS. Scores are averaged over both headline upper-air variables (Z500, Q700, T850, U850,
V850) and the four surface variables (T2M, SP, U10M, V10M).
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Overall, GenCast exhibits the strongest average performance at short to medium lead times (1–7 days).
However, ArchesWeatherGen remains competitive and shows comparable skill at longer lead times (7–
10 days), particularly for wind components and specific humidity. This behavior is consistent with the
increasing dominance of large-scale dynamics at extended lead times. In addition, ArchesWeatherGen
displays a more favorable spread-skill ratio across all lead times. While the ensemble remains slightly
under-dispersive, this under-dispersion is less pronounced than for GenCast.

4.2.2. Per-variable CRPS analysis
While the previous results focus on metrics averaged across variables, we now examine performance at
the level of individual physical variables. Figure 4 reports CRPS skill scores by variable and lead time.
We focus on the CRPS, which assesses the quality of the predicted marginal distributions and, when

Figure 2. Comparison of re-coarsened super-resolved forecasts with the original ArchesWeatherGen
coarse-resolution trajectories at 1-day lead time. Shown are (a) spatial correlation, (b) activity ratio, and
(c) normalized RMSE, for surface variables and selected pressure levels. Color intensity encodes the
deviation from the ideal reference: values approaching white indicate near-perfect agreement (unity for
correlation and activity ratio, zero for NRMSE), while darker shades correspond to larger departures
from the original coarse-resolution trajectories.

Figure 3. Global ensemble forecast skill at 0.25°. Relative improvement over IFS ENS for fair (f )
ensemble skill-score (ss) metrics (Ensemble Mean RMSE, CRPS, Energy Score, Brier Score, spread-skill
ratio), averaged over WeatherBench headline variables.
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evaluated over long lead times, implicitly penalizes physically inconsistent trajectories in autoregres-
sive models.

ArchesWeatherGen achieves better CRPS skill scores than IFS ENS across all headline variables and
lead times by 7:41% on average. Compared to GenCast, ArchesWeatherGen exhibits slightly worse
performance for lead times of 1–6 days, particularly for wind variables, but achieves similar or better
CRPS scores at lead times of 7–10 days. A notable exception is specific humidity, for which Arche-
sWeatherGen converges to GenCast-level performance at earlier lead times (3–10 days). Relative to
bicubic interpolation, the super-resolution approach yields substantially improved probabilistic skill
across nearly all variables, with the exception of geopotential. For this variable, bicubic interpolation
performs comparatively well due to its intrinsically smooth and large-scale nature. This contrast
highlights that the gains from learned super-resolution are most pronounced for variables with richer
small-scale variability. We further provide a comparison of fair CRPS skill scores at 1.5° and 0.25°
resolutions in Supplementary Section C.3.

4.2.3. Physical consistency and spectral properties
Beyond pointwise probabilistic scores, we assess the physical realism of the generated forecasts through
power spectral analysis (Figure 5). Power spectra are computed for selected variables at 1-day and 10-day
lead times, with energy averaged across ensemble members. The dashed vertical line marks the transition
between scales resolved by the low-resolution forecast (1.5°) and those introduced by super-resolution
(0.25°). Both generative models recover substantially more fine-scale energy than bicubic interpolation,
demonstrating improved physical consistency at small spatial scales. ArchesWeatherGen exhibits a
slightly slower decay of energy at the finest resolved scales compared to GenCast, indicating a better
recovery of small-scale variability, although the differences remain moderate. Overall, the spectral
analysis confirms that super-resolved forecasts preserve large-scale structure while consistently recover-
ing fine-scale variability.

4.3. Case study: Hurricane Teddy

To complement the quantitative evaluation, we present a case study of Hurricane Teddy, a major
Atlantic storm that reached Category 4 intensity in September 2020. It produced one of the most
organized deep convective structures of that season. At its peak, Teddy exhibited a well-defined eye,
vigorous spiral rainbands, and a broad moisture envelope that spanned much of the subtropical North

Figure 4.Per-variable fair CRPS skill scores relative to IFSENS at 0.25°. Results are shown forGenCast,
and ArchesWeatherGen (AWG) after bicubic interpolation and learned super-resolution, as a function of
lead time.
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Atlantic. Figure 6 showcases ArchesWeatherGen super-resolved humidity fields at a 1-day lead time,
initialized on September 20, 2020.

At 1.5° resolution, the low-resolution ensemble members (b–d) accurately capture the large-scale
moisture distribution and the hurricane’s position, aligning closely with the ERA5 reference (a).
Ensemble spread is visible in the representation of the cyclone core: it is less well-defined in the
worst-performing member (d) than in the median (c) and best (b) members, while the synoptic-scale
flow and storm placement remain consistent across all members. Super-resolution is then applied to each
low-resolution member (f–n). At 0.25°, the SR model reconstructs fine-scale structures, including
cyclonic moisture spirals, indications of a dry intrusion on the western flank, and sharper outer gradients.
For each member, multiple stochastic draws produce distinct realizations that differ in the positioning of
small-scale moisture filaments while preserving the large-scale organization inherited from the condi-
tioning low-resolution state. Importantly, this behavior holds consistently across lead times:
Supplementary Section C.5 shows that analogous fine-scale structures are recovered at 7-day lead time,
demonstrating that the SR model produces physically plausible reconstructions throughout the forecast
horizon. It should be noted that such stochastic variability does not necessarily improve forecast skill.
Since the SR model is conditioned on the low-resolution input, large-scale errors are not corrected and
propagate to the super-resolved outputs. Probabilistic scores may, therefore, penalize the ensemble if it is
misaligned with the reference, despite exhibiting realistic fine-scale variability. Nevertheless, by repre-
senting physically plausible subgrid structures, super-resolution enables the exploration of internal
variability and provides a more complete depiction of uncertainty at fine scales, which is particularly
relevant for intense systems such as tropical cyclones. To further quantitatively evaluate the model’s
capacity beyond open-ocean dynamics, we extend the analysis to a topographically complex region
during the passage of Storm Alex over the Alps (Supplementary Section C.6).

5. Discussion

We investigated learned super-resolution as a modular extension to global weather forecasting models
trained at coarse spatial resolution. By decoupling forecasting and downscaling, our approach enables the
reconstruction of physically plausible fine-scale structure while preserving the large-scale dynamics
learned at low resolution, without retraining forecasting models at operational resolution. Despite its

Figure 5. Comparison of power spectra across models and lead times. Power spectra of Z500, T850,
Q700, U850, and V850 at 1-day (top) and 10-day (bottom) lead times. For each model and wavelength,
the energy at that wavelength is averaged across samples. The dashed vertical line marks the transition
between low- and high-resolution scales (1.5° to 0.25°).
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modest computational cost, this strategy achieves competitive forecast performance relative to substan-
tially more expensive end-to-end high-resolution forecasting models.

5.1. Generality and scope

Although demonstrated using the ArchesWeatherGen framework, the proposed approach is not tied to a
specific forecasting architecture. In principle, it can be applied to any forecasting model provided that
(i) its coarse-resolution outputs represent physically realistic large-scale flow and (ii) its temporal
sampling is consistent with the dynamics it resolves. In this work, we focused on daily (24 h) forecast
trajectories, a setting in which the method reliably reconstructs fine-scale spatial structure while
preserving the underlying coarse-resolution forecast trajectory at the resolved time scale. Extending such
daily trajectories to sub-daily (e.g., hourly) outputs would require a dedicated temporal super-resolution
component, which we leave for future work. Moreover, by building on probabilistic forecasts rather than
deterministic forecasts, the approach naturally decouples large- and fine-scale uncertainties, allowing
each to be modeled and sampled independently. Extending the method to deterministic, smoothed inputs
would instead require learning a direct or unpaired mapping from forecast outputs to high-resolution
reference data (Wan et al., 2023; Keisler et al., 2026).

Figure 6. Super-resolution of specific humidity at 700 hPa over the North Atlantic (Hurricane Teddy,
21 September 2020 12:00UTC, +24 h lead time). ERA5 regridded to 1.5° (a) and at native 0.25° (e) serve
as low- and high-resolution ground truth, respectively. AWG ensemble forecasts at 1.5° are shown for the
best, median, and worst members by RMSE (b–d). Each column of the high-resolution block (f,i,l), (g,j,m),
(h,k,n) shows three independent stochastic SR draws at 0.25° for the corresponding LR member. RMSE
and bias (g kg�1) against the appropriate ERA5 reference are reported in the top-left cornerof each panel.
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5.2. Broader implications

Beyond medium-range weather forecasting, our framework naturally extends to sub-seasonal and climate
applications, where large-scale dynamics are generally well represented but fine-scale variability remains
under-resolved. In this context, super-resolution models could be trained on high-resolution climate simula-
tions or reanalysis-derived datasets and applied in a zero-shot manner to coarse global climate models, as
demonstrated in related work (Hess et al., 2025). A particularly promising avenue is the use of global or
limited-area kilometer-scale models, such as ICON (Hohenegger et al., 2023), as sources of high-resolution
reference data.

5.3. Efficiency and limitations

A key advantage of the proposed approach is computational efficiency. Training the full pipeline—
deterministic forecasting, generative forecasting, and super-resolution—is on the order of 30 A100-days
in total. Super-resolution training represents a relatively small fraction of this cost, requiring approxi-
mately 7 A100-days, compared to about 23 A100-days for training ArchesWeatherGen. At inference
time, generating a full 10-day high-resolution forecast takes about 8 minutes on a single NVIDIAV100
32GB GPU, which can become significant when applied at scale, such as for long test sets or large
ensembles. This computational cost motivates future work on speeding up inference through distillation
or consistency-based generative modeling (Stock et al., 2025).

5.4. Conclusion

Overall, this work demonstrates that learned super-resolution provides a physically grounded and compu-
tationally efficient pathway toward higher-resolution weather and climate prediction. By separating large-
scale prediction from fine-scale reconstruction, the proposed framework offers flexibility, interpretability,
and scalability across forecasting horizons and application domains. Our results demonstrate that this
approach achieves competitive forecast skill at operational resolution with substantially reduced compu-
tational cost and that recovered small-scale variability exhibits realistic spectral characteristics.
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