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ABSTRACT

Data-driven weather forecasting models are commonly trained on ERAS, yet op-
erational deployment must use timely initial states from physics-based numerical
weather prediction (NWP) systems whose distributions differ substantially from
ERAS. Direct initialization with these states can degrade autoregressive fore-
casts, motivating input adaptation that keeps the pretrained forecasting model
unchanged. Here, we introduce WeatherBridge, a unified, source-conditioned
adapter that maps heterogeneous operational NWP initial states to ERAS refer-
ence states without updating the pretrained forecasting model. WeatherBridge
predicts the structured residual corrections with a Swin-UNet and injects source
embeddings across multiple spatial scales, allowing the model to capture shared
atmospheric structure and source-specific discrepancies. Its training objective
combines latitude-weighted ERAS reconstruction with One-step Rollout Align-
ment (ORA), which backpropagates one-step forecast error through a frozen FuXi
model to optimize the adapted states for both initial state fidelity and downstream
forecast compatibility. We evaluate WeatherBridge using daily GFS, HRES, and
CMA initializations from 1 January to 22 November 2025 across six variables and
lead times up to 240 hours. Relative to raw source initialization of FuXi, Weath-
erBridge reduces the mean RMSE of FuXi over the 6- 240-hour rollout for 17 of
18 source-variable combinations, with a median reduction of 10.2% and a max-
imum reduction of 46.3%. The adapter trained with frozen FuXi also improves
FengWu forecasts on GFS inputs without retraining either the adapter or FengWu.
These results demonstrate that forecast-aware input adaptation can improve fore-
casts from heterogeneous operational NWP inputs and transfer across pretrained
ERAS5-based forecasting models.

1 INTRODUCTION

Data-driven weather forecasting models have emerged as promising alternatives to traditional nu-
merical weather prediction (NWP) models for global medium-range weather forecasting. State-
of-the-art models learn atmospheric evolution from historical data and can match or outperform
conventional NWP models at substantially lower inference cost (Lam et al., 2023; B1 et al., 2023;
Chen et al., 2025} 2023; [Lam et al.| [2023}; [Bodnar et al., 2025). Most of these models are trained
on ERAS, whose data quality, global coverage, temporal consistency, public availability, and com-
prehensive set of multilevel variables have made it a standard benchmark for data-driven weather
forecasting (Hersbach et al.,2020). However, operational forecasting requires timely initial condi-
tions from NWP systems such as GFS, HRES, and CMA because ERAS is available only after a
delay of approximately five days. Differences in data assimilation and numerical modeling cause
these operational fields to exhibit statistical and structural characteristics that differ substantially
from those of ERAS. Consequently, directly initializing an ERAS5-trained model with operational
NWP fields can significantly degrade forecast performance.
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Figure 1: Effect of operational-source initialization on a frozen ERAS5-trained forecaster. (a)
Schematic illustration of source-dependent input distribution differences. (b) Initialization of the
same frozen forecaster with ERAS or raw operational fields, without adaptation. (c) T2M RMSE of
FuXi initialized with ERAS, GFS, HRES, and CMA, with all forecasts verified against ERAS. The
forecast errors vary across initialization sources.

This input distribution shift is especially consequential for autoregressive forecasting. Models such
as FuXi, GraphCast, and Pangu-Weather implicitly rely on the variable definitions, normalization
statistics, spatial structures, and multivariate relationships in ERAS. Initial fields from GFS, HRES,
and CMA exhibit source-specific discrepancies in these characteristics. When such fields are fed
directly to a frozen ERAS5-trained model, the model operates outside its training distribution, and
differences in the initial state can propagate and amplify through the autoregressive rollout. Figure[l]
illustrates this effect for FuXi. Initialization with raw GFS or CMA yields higher RMSE than ERA5
initialization at all lead times on variable 2 meter temperature (t2m). HRES initialization begins
closer to the ERAS reference, and the performance gap generally narrows at longer lead times as
forecast errors saturate. Therefore, the extent of the degradation depends strongly on the discrepancy
between each operational NWP source and ERAS.

Fine-tuning is one approach to adapting pretrained forecasting models to different initialization
data. For example, FuXi-GRAPES fine-tunes FuXi on CMA reanalysis data (Zhang et al., |2025)),
while operational GraphCast is fine-tuned on ECMWF HRES analysis (Google DeepMind, [2024).
Changes to operational systems can also prompt further training, as illustrated by AIFS v2 following
the IFS Cycle 50r1 upgrade (ECMWEF, 2026bja). We explore a complementary approach that trains
a shared input adapter while keeping the pretrained forecasting model unchanged.

We introduce WeatherBridge, a unified, source-conditioned adapter that maps heterogeneous opera-
tional NWP fields to ERAS reference states while leaving the pretrained weather forecasting models
unchanged. WeatherBridge represents the NWP-to-ERAS mapping as a structured residual correc-
tion learned by a shared Swin-UNet. To account for systematic differences among GFS, HRES,
and CMA, WeatherBridge injects a learnable source embedding into the network at multiple spatial
scales. This hierarchical conditioning enables a single model to capture shared atmospheric structure
while retaining NWP-specific corrections.

Crucially, matching ERAS at the initial time does not by itself guarantee that an adapted state will
support accurate autoregressive forecasts. Therefore, WeatherBridge combines latitude-weighted
ERAS reconstruction with One-step Rollout Alignment (ORA). ORA propagates one-step forecast
error through a frozen forecasting model, encouraging the adapter to produce states that are compat-
ible with the model’s learned dynamics and close to the corresponding ERAS fields. In this study,
we train WeatherBridge using the frozen FuXi model and evaluate the resulting adapter on daily
GFS, HRES, and CMA initializations over lead times of up to 240 hours. Relative to direct ini-
tialization with raw source fields, WeatherBridge reduces FuXi’s mean rollout RMSE for 17 of the
18 source-variable combinations, with reductions of up to 46.3%. When applied unchanged to the
independently trained FengWu model, WeatherBridge also reduces RMSE and increases ACC for
all six evaluated GFS variables at both 6 and 240 hours.

Our contributions are as follows:
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* We propose WeatherBridge, a unified, source-conditioned adapter that maps heterogeneous
operational NWP initial fields to ERAS reference states, allowing a frozen ERAS5-trained
forecasting model to use non-ERAS inputs without fine-tuning.

* We introduce a hierarchical source conditioning mechanism that injects learned source em-
beddings at multiple spatial scales, allowing a single shared adapter to account for source-
dependent discrepancies when mapping operational NWP inputs to ERAS reference states.

* We introduce a dual-target training objective that combines latitude-weighted ERAS recon-
struction with One-step Rollout Alignment (ORA) through the frozen forecasting model,
jointly promoting initial state fidelity and downstream forecast performance.

* We evaluate WeatherBridge on three operational NWP sources (GFS, HRES, CMA), six
variables, and forecast lead times up to 240 h. The adapter improves FuXi forecasts and
transfers unchanged to FengWu (another ERAS5-trained forecasting model).

2 RELATED WORK

ERAS5-Trained Al-based Weather Forecasting Models. Recent Al-based systems, such as
GraphCast, Pangu-Weather, FuXi, FourCastNet, FengWu, GenCast, and AIFS, have shown com-
petitive medium-range forecast skill by learning global atmospheric evolution from reanalysis or
operational analysis data (Lam et al., 2023} Bi et al., 2023 |Chen et al., |2023}; |Pathak et al., 2022;
Chen et al., 2025} Price et al., 2025} [Lang et al.l [2024). Despite their architectural differences,
these models generally perform most reliably when their initial states follow the distribution en-
countered during training. Therefore, operational deployment with a different NWP source may
require source-specific adaptation. WeatherBridge addresses the distribution mismatch at the input
interface by mapping heterogeneous operational initial states to the ERAS reference domain while
leaving the forecasting model unchanged.

Bias Correction and Statistical Post-Processing. An alternative to model fine-tuning is to correct
systematic errors in in NWP or Al weather forecasts using bias correction, model output statistics
(MQOS), quantile mapping, and Al-based post-processing. These methods typically target particular
variables, locations, or products (Vannitsem et al., 2021; |Huang et al.| 2024). WeatherBridge trans-
forms the initial state supplied to a pretrained forecasting model, with the objective of improving
both its agreement with ERAS and the resulting autoregressive forecasts. To this end, its training
objective propagates forecast error through the frozen FuXi model, explicitly accounting for how
the adapted state affects downstream forecast performance.

Earth-System Foundation Models and Heterogeneous Data. Earth-system foundation models
such as Aurora and ClimaX accommodate multiple data sources, resolutions, variable sets, and
prediction tasks through large-scale pretraining and task-specific adaptation (Bodnar et al., |2025}
Nguyen et al., 2023). This strategy seek to make the model broadly transferable by exposing it to
heterogeneous data during training. WeatherBridge pursues a complementary pathway. Rather than
requiring a single forecasting model to accommodate multiple NWP data distributions, it preserves
the ERAS-trained backbone and learns a source-conditioned mapping from the operational NWP
initial states to ERAS reference state. The distinction is between building heterogeneity into the
forecasting model and resolving heterogeneity before the model is used.

Model Reprogramming and Input-Side Adaptation. WeatherBridge is also related to model re-
programming, which redirect a frozen or lightly modified pretrained model to new tasks or domains
through input transformations, prompts, masks, or lightweight modules (Ye et al.| |2025; |Cai et al.,
2024). Both approaches keep the major pretrained model unchanged and adapt its interface to a
new input distribution. However, WeatherBridge operates on physically meaningful, multivariate,
spatio-temporally continuous meteorological states rather than image patches or tokens. In addition,
WeatherBridge is trained not only to reconstruct a reference state but also to improve the subsequent
autoregressive forecast.
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3 METHODOLOGY

We present WeatherBridge, a plug-and-play adapter that transforms heterogeneous operational NWP
initial states into ERA5-aligned states for a frozen pretrained weather forecasting model. In this
work, we instantiate the forecasting backbone with FuXi (Chen et al.l [2023) while keeping its ar-
chitecture and parameters unchanged throughout adapter training. Figure [2] illustrates the overall
framework. We first formalize the input adaptation problem in Section We then describe the
source-conditioned adapter architecture in Section[3.2] which builds on a residual Swin-UNet and in-
jects source identity hierarchically at multiple feature resolutions. Finally, we introduce the forecast-
aware training strategy in Section [3.3] which combines latitude-weighted ERAS5 reconstruction with
One-step Rollout Alignment (ORA) while keeping weather forecasting backbone frozen.

3.1 PROBLEM FORMULATION

Let S = {GFS, HRES, CMA} denote the set of operational NWP sources. We index atmospheric
states at 6-hour intervals, such that ¢ — 1, ¢, and ¢ + 1 denote three consecutive valid times. For
each source s € S, let #} and xf denote the source and ERAS states, respectively, at the same valid
time ¢. Both are represented as tensors in RE*#>*W where C' = 70 is the number of atmospheric
channels and (H,W) = (721, 1440) correspond to the latitude and longitude dimensions of the
global 0.25°.

Given a single source state, its source identity, and the associated temporal information, Weather-
Bridge learns the frame-wise mapping

&7 = FyP (a3, s,1), (1
where ¥ is the reference state produced from the source state at time t. The adapter always
operates on one atmospheric state at a time.

Let F denote a forecasting model pretrained on ERAS, whose parameters ¢ remain fixed. Given
two consecutive source states, the goal is to learn a frame-wise adapter Fg‘da such that the states
obtained by independently adapting the two frames enable F to accurately predict the subsequent
atmospheric evolution. Formally, the desired property is

‘%tE+k:Fgc]([FGada(xifhs,t_1)7F;da(xfysvt)i|) %:rtE+k7 k:17~~'7K7 (2)

where [-, -] denotes temporal concatenation, and Fq[f] denotes the atmospheric state predicted for
valid time ¢ + k through a k-step autoregressive rollout of the frozen forecasting model.

3.2 SOURCE-CONDITIONED ADAPTER ARCHITECTURE

Figure 2 provides an overview of WeatherBridge and its integration with the frozen pretrained fore-
casting model. WeatherBridge employs a residual Swin-UNet to transform each source state into the
reference state. A hierarchical conditioning mechanism injects source identity at multiple feature
resolutions, enabling the shared adapter to learn source-specific corrections across spatial scales.

Residual Swin-UNet Backbone. Our adapter employs a residual Swin-UNet backbone to trans-
form each source state into the reference state. A convolutional patch embedding first projects the
atmospheric variables into a latent feature space. The encoder stacks convolutional residual blocks
with strided downsampling to progressively aggregate spatial information, while a window-based
self-attention block at the bottleneck models broader spatial dependencies at a reduced resolution.
The decoder uses interpolation-based upsampling and convolutional residual blocks to reconstruct
the atmospheric state. At each decoder stage, the upsampled representation is fused with the cor-
responding encoder feature through a skip connection, retaining spatial information that may be
weakened during downsampling. A patch-recovery head then maps the decoded representation back
to the original variable space and spatial grid. Rather than predicting the complete target state di-
rectly, the network estimates a residual correction to the normalized source field:

&7 = F3*(ai,s,0) = ai + Do(af, 5,1), ©)

where Ay denotes the correction predicted by the encoder—decoder backbone. Both xj and

Ag(z3,s,t) are represented in the same normalized variable space, and conversion back to phys-

ical units is performed outside the adapter when required. This residual parameterization provides

a direct identity path from the source state to the adapted state and represents the source-to-ERAS
transformation as a correction to the original field.
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Figure 2: Overview of WeatherBridge. (a) Forecast-aware training. Given a source state =3, Weath-
erBridge maps it to a reference-domain state 7. The adapted state and the preceding ERAS state
xf_, are fed into the frozen weather forecasting model to predict £, ;. The adapter is optimized us-
ing the reconstruction loss L. at time ¢ and the one-step rollout loss Lora at time ¢ + 1, while the
forecasting model remains frozen. (b) Inference stage. Two consecutive source states, x7_; and z7,
are mapped by WeatherBridge with shared parameters. The resulting state pair is then passed to the
frozen weather forecasting model to predict i‘ﬂl. (c) WeatherBridge adapter. The source identity
and valid time are encoded as embeddings and hierarchically injected into multiple downsampling
stages of a residual Swin-UNet. The network predicts a source-aware and time-aware correction
Ng(x3,8,1), yielding 2F = x5 + Ag(z5, s,1).

xt

Hierarchical Conditioning. WeatherBridge shares the same encoder—decoder parameters across
all NWP sources while conditioning the network on the identity of each source. Specifically, the
categorical source identifier s € S is used to retrieve a source embedding from a learnable lookup
table, i.e., s = Fy.[s]. Here, By € RISI¥4 and d, denotes the embedding dimension. This
embedding table is optimized jointly with the adapter, enabling a single shared backbone to retain
source-specific information.

In addition to the source identity, we derive a fixed sinusoidal temporal embedding e, from the
seasonal phase of the valid time, computed using the day of year and hour of day. This embedding
provides temporal metadata associated with the current atmospheric state and does not introduce an
additional input frame.

After being projected to the input channel dimension, the source and temporal embeddings are
broadcast over the spatial grid and added to the source field before patch embedding. To preserve
the conditioning information throughout the encoder hierarchy, both embeddings are projected and
injected at every downsampling level. Given a downsampling feature h; at level [, the conditioned
representation is computed as

hi = hi + P (es) + Pi (er), “

where P; and P} denote stage-specific projections that match the channel dimension and spatial
resolution of h;. Conditioning is applied throughout the encoder but not in the decoder, allowing the
shared backbone to model source-dependent corrections at multiple spatial scales.

3.3 FORECAST-AWARE TRAINING STRATEGY

We train WeatherBridge to map heterogeneous NWP source fields to adapted initial fields that sup-
port downstream forecasting. Toward this goal, we use the standard reference-state reconstruction
loss L, as the base training objective, encouraging the adapted initial field to approach its paired
reference state. However, reconstruction alone does not explicitly account for how the adapted field
affects the downstream forecasting model. We therefore augment the base objective with our pro-
posed One-step Rollout Alignment (ORA) loss Lora, which propagates the one-step forecast error
through the frozen forecasting model. The resulting training objective is

ﬁtotal = Erec + )‘f‘CORAa (5)
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where Ay > 0 controls the contribution of the forecast-aware ORA term.

Specifically, the reconstruction term is defined as a latitude-weighted ¢; loss between the adapted
initial field and its paired ERAS reference state:

f = Ly Zem e () ©
rec — 5 w; = COs(Q4 ),
C —1 Zz w;

where C' is the number of atmospheric channels, i indexes spatial grid points, and ¢; denotes the
latitude of grid point 4. The latitude weights correct for unequal grid-cell areas, with both #; and x
represented in normalized space.

To introduce forecast-aware supervision, ORA evaluates the adapted initial field through the frozen
forecasting model. Given the adapter output #, we combine it with the preceding ERAS reference
state to construct the two-frame input [z |, #F]. The frozen model then produces the one-step
forecast z441. Using the ERAS reference state as the preceding frame isolates the effect of the
current adapted field without introducing an additional error from the previous input frame. The
forecast error is back-propagated through Fy to update the adapter parameters only.

For each guided channel, we first compute a latitude-weighted RMSE over the spatial grid and
then normalize it by the channel-specific reference RMSE of FuXi under native ERAS inputs. The
resulting normalized errors are averaged equally across the guided channels:

@)

1 RMSES, (zE, ., zE
Lora = Z (xtH xtﬂ)

RMSE;,

ref

|Cora| ey
where RMSEY, is the latitude-weighted RMSE for channel ¢, and RMSE;; is obtained by fore-
casting from the native ERAS input [z |, 2F]. We apply ORA to

Cora = {2500,2850,u200,t2m,ul0m,v10m,msl, tp, t300}. ®)

which spans upper-, middle-, lower-, and near-surface atmospheric conditions together with precip-
itation. The corresponding reference errors are reported in Table [d]in the Appendix.

At inference, the reference states are neither available nor required. WeatherBridge is applied inde-
pendently to two consecutive states x;_; and z§ from the same operational source, producing & ;
and 27, respectively. The two adapted initial fields are then used as the FuXi input [#Z ;, F]. Thus,
unlike ORA training, where the preceding frame is provided by the ERAS reference sequence, both
frames used for inference are derived exclusively from operational source data.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Data. We use ERAS as the target domain and GFS, HRES, and CMA as heterogeneous source
domains. Each source field is paired with the ERAS field at the same valid time. All datasets are
represented as FuXi-compatible 70-channel global fields |Chen et al.| (2023) on a 0.25° grid with
721 x 1440 points, including 5 variables at 13 pressure levels and 5 surface variables. All input
fields are normalized using the ERAS statistics ugras and ogras. For all datasets, samples are
initialized once per day, with consecutive forecast states spaced at 6-hour intervals. We use data
from 2022-01-01 to 2024-06-30 for training, from 2024-07-01 to 2024-12-31 for validation, and
from 2025-01-01 to 2025-11-22 for testing.

Implementation details. WeatherBridge contains 138.44M trainable parameters and uses a
dropout rate of 0.1. With the FuXi backbone frozen, we train WeatherBridge in PyTorch on four
A100 GPUs using FSDP, mixed precision, and AdamW with 5; = 0.9, 8> = 0.999, and a weight
decay of 2 x 10~°. We use a global batch size of 32, with 8 samples per GPU, clip the gradient
norm at 5.0, linearly warm up the learning rate to 1 x 10~% over the first 5 epochs, and then apply
cosine decay to 1 x 10~7 over the remaining 85 epochs.
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Figure 3: Forecasting performance on FuXi over the 240-hour rollout for the six evaluation variables.
Higher ACC and lower RMSE indicate better forecasting performance. Solid curves denote the
WeatherBridge-aligned initialization, while dashed curves of the same color denote the raw-source
initialization for GFS (orange), HRES (green), and CMA (purple). The gray dashed curve denotes
the ERAS reference initialization.

Evaluation. Each test initialization is rolled out for 40 six-hour steps, corresponding to a fore-
cast horizon of 240 hours. We compare three initialization paths: ERAS5 — FuXi as the reference,
raw source — FuXi as the direct-inference baseline, and raw source — WeatherBridge — FuXi as
the proposed approach. We do not retrain or fine-tune FuXi separately for individual sources, as
full source-specific retraining would require updating all 1,556.72M parameters of the backbone for
each source and is outside the scope of this work. At inference, the proposed path uses only opera-
tional source fields. Following FuXi (Chen et al.,|2023)), all three initialization paths are evaluated
against ERAS. We report results for z500, t2m, £850, ws10, ws850, and ms1, where ws10
and ws 850 are computed as the magnitudes of the horizontal wind vectors from the corresponding
U and V components at 10 m and 850 hPa, respectively. We evaluate WeatherBridge at both the
initialization and rollout forecasting levels. PSNR and SSIM provide supplementary measures of
initial-state agreement with ERAS. Our primary evaluation uses latitude-weighted RMSE and ACC
over the 240-hour rollout to assess downstream forecast skill. The definitions of all metrics are pro-
vided in Appendix[A.3]We additionally report the ORA loss as a forecast-aware diagnostic for every
configuration in the Appendix, and Table [4]lists the per-channel reference errors used to normalize
1t.

4.2 WEATHER FORECASTING PERFORMANCE

Figure [3] compares the ACC and RMSE trajectories produced by the three initialization paths over
the 240-hour rollout. The benefit of WeatherBridge is most pronounced for GFS. Directly initializing
FuXi with raw GFS fields leads to substantially lower ACC and higher RMSE across all six variables,
with the gap generally increasing over the forecast horizon. After alignment, the GFS curves move
consistently toward the ERAS reference for both metrics, and the improvement persists throughout
the rollout. CMA exhibits a similar but smaller improvement, with the clearest gains for T2M and
MSL. In contrast, the raw and aligned HRES curves remain close to each other and to the ERAS
reference, indicating limited room for further improvement.

The mean rollout RMSE in Table[I|quantifies this source-dependent pattern. WeatherBridge reduces
the mean RMSE for 17 of the 18 source-variable pairs. For GFS, the reductions range from 30.6%
to 46.3% across the six variables. CMA also improves consistently, with reductions ranging from
4.3% to 26.4%, including the largest gains of 26.4% for T2M and 20.1% for MSL. The changes
for HRES are considerably smaller: five variables show RMSE reductions of at most 1.04%, while
7500 exhibits a slight increase of 0.05%. Overall, the results show that WeatherBridge provides the
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Table 1: Per-source and per-variable results on FuXi. PSNR and SSIM assess initial-state alignment
with ERAS, while mean RMSE is averaged over the 40-step rollout up to 240 h. “1” and “]”
indicate that higher and lower values are better, respectively. A denotes the relative improvement of
the WeatherBridge-aligned result over the raw-source result; negative values indicate degradation.

\ PSNR 1 \ SSIM 1 \ Mean RMSE |
Source  Var.
| raw WeatherBridge =~ A | raw WeatherBridge A | raw WeatherBridge A
7500 |44.78 46.68 4.24% |0.9999 0.9999 0.00% | 719.36 386.46 46.28%
T2M |31.45 34.27 8.97% |0.9943 0.9971 0.28% | 3.31 1.78 46.22%
GFS T850 |29.61 33.68 13.75% | 0.9922 0.9967 0.45% | 3.60 2.11 41.39%
WS10 |21.89 23.77 8.59% | 0.9409 0.9609 2.13% | 3.09 2.08 32.69%
WS850 | 23.50 24.18 2.89% |0.9529 0.9596 0.70% | 5.06 3.51 30.63%
MSL |23.95 35.34 47.56% | 0.9442 0.9963 5.52% | 642.47 372.90 41.96%
7500 |50.03 50.02 -0.02% | 1.0000 1.0000 0.00% | 338.17 338.33 -0.05%
T2M |36.41 36.99 1.59% |0.9982 0.9985 0.03% | 1.64 1.63 0.61%
HRES T850 |36.17 36.81 1.77% | 0.9981 0.9984 0.03% | 1.92 1.90 1.04%
WSI10 |24.94 25.43 1.96% |0.9711 0.9736 0.26% | 1.93 1.92 0.52%
WS850 | 25.72 25.98 1.01% | 0.9715 0.9734 0.20% | 3.23 3.23 0.00%
MSL |39.09 39.60 1.30% | 0.9985 0.9987 0.02% | 330.32 329.38 0.28%
7500 |45.09 44.53 -1.24% | 0.9998 0.9998 0.00% | 446.81 403.29 9.74%
T2M |30.87 33.61 8.88% |0.9936 0.9966 0.30% | 2.50 1.84 26.40%
CMA T850 |31.13 33.19 6.62% |0.9943 0.9965 0.22% | 2.46 2.21 10.16%
WS10 [20.33 23.13 13.77% | 0.9278 0.9544 2.87% | 2.26 2.13 5.75%
WS850 | 23.19 23.54 1.51% |0.9477 0.9528 0.54% | 3.76 3.60 4.26%
MSL |29.29 35.09 19.80% | 0.9855 0.9963 1.10% | 486.70 388.67 20.14%

Table 2: FengWu results on GFS at 240 h with the FuXi-trained adapter, neither retrained. 1/J:
higher/lower is better. A: relative gain over raw-source initialization.

Var ‘ RMSE | ‘ ACC 1

Raw Adapted A (%)| Raw Adapted A (%)
7500 |1023.32 952.65 6.91]0.0732 0.1748 138.68
M 3.93 3.23 17.7710.3584 0.4365 21.78
T850 4.81 4.08 15.25(0.0783 0.1717 119.27
WS10 3.88 3.86 0.61/0.0479 0.0907 89.50
WS850 6.29 591 6.08(0.0322 0.0873 171.17
MSL 867.90 727.29 16.20(0.0952 0.2912 205.81

greatest forecasting benefit when direct initialization causes a substantial loss of forecast skill, while
largely preserving the performance of sources that are already compatible with the ERAS5-trained
backbone.

Transfer to FengWu. The adapter trained with frozen FuXi is applied directly to FengWu without
retraining either the adapter or FengWu. On GFS inputs, adaptation reduces the 240-hour RMSE by
0.61-17.77% and increases ACC for all six evaluated variables (Table[2). Results at 6 h are provided

in Appendix

4.3 INITIAL-STATE ALIGNMENT

Figure ] shows the spatial distribution of the initial-state error reduction achieved by WeatherBridge
relative to the raw-source fields, averaged over all 00Z initializations in the test period. Positive
values indicate regions where the aligned field is closer to ERAS, while negative values indicate local
degradation. For GFS, substantial error reductions appear across multiple variables, particularly for
MSL and T2M. The Z500 map contains both pronounced improvements and degradations, showing
that its aggregate improvement is not spatially uniform. CMA exhibits clear regional gains for T2M
and WS10, whereas its Z500 error increases over broad areas. The HRES maps remain largely close
to zero, apart from localized changes in T2M and Z500, consistent with the relatively small initial
discrepancy between HRES and ERAS.
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0
Initial error reduction (%)

Figure 4: Reduction of the initial-field error against ERAS obtained by the WeatherBridge-aligned
initialization relative to the raw-source initialization, averaged over the 00z initializations of the test
period. Rows are sources and columns are variables; red marks grid cells where the aligned initial
field is closer to ERAS than the raw-source field, blue marks cells where it is farther. The map
compares initial fields rather than forecasts.

Table [T] summarizes the global alignment results. PSNR improves for all GFS variables, ranging
from 2.89% to 47.56%, and for five CMA variables, ranging from 1.51% to 19.80%. The only
notable decrease is CMA Z500 at 1.24%, while all HRES changes remain within 1.96%. SSIM
improves in 15 of the 18 cases and remains unchanged in the other three. Together with the spatial
maps, these results show improved initial-state agreement with ERAS for GFS and CMA, limited
changes for HRES, and occasional localized degradation.

4.4 ABLATION STUDY

We examine the effect of ORA in Fig- NRMSE
ure 5] Compared with reconstruction- %o 10%

™M

only training, ORA provides the largest ~ ™°

ws1o0

RMSE reductions for MSL, followed — wssso e
by clear gains for T2M and Z500. e 6 24 a8 72 120 168 240
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with slight degradation at the first step, Flgurfe 5: NRMSE of GFS-only w/o ORA vs. GFS-only;
and generally diminish at longer lead negative (blue) means ORA helps.

times, consistent with the one-step

ORA objective. Source-embedding ablations are provided in Appendix [B.2] showing improved 6-
hour RMSE for 13 of 18 source-variable combinations under balanced training and 17 under source
imbalance.

hew
R

better worse

Additional results. Further ablations, sensitivity tests, and analyses of significance, scaling, and
efficiency appear in Appendix

5 CONCLUSION

We introduced WeatherBridge, a unified, source-conditioned adapter that maps heterogeneous oper-
ational NWP initial fields to ERAS reference states while leaving the pretrained forecasting model
unchanged. WeatherBridge represents the NWP-to-ERAS mapping as a structured residual correc-
tion learned by a shared Swin-UNet, and injects a learnable source embedding at multiple spatial
scales so that one adapter captures both shared atmospheric structure and source-specific discrep-
ancies. Its training objective couples latitude-weighted ERAS reconstruction with One-step Rollout
Alignment, which propagates the forecast error of the frozen backbone back into the adapter, so that
the adapted states are compatible with the dynamics learned by the backbone rather than merely
close to ERAS, so the improvement is not confined to the single training step but holds over the
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whole 6 h to 240 h rollout. However, ORA loss that applied to our adapter is one-step: the adapted
state is optimized through a single forecast step, whereas forecast skill is ultimately judged over a
long auto-regressive rollout. In future work, we plan to extend the alignment object to a multi-step
rollout so that adapter is optimized against the error accumulation through long-lead forecasts.

Al USE STATEMENT

We used generative Al tools for language editing, LaTeX assistance, table formatting, and litera-
ture discovery for related work. We did not use generative Al tools to generate or alter data, run
experiments, replace author decisions about the method, or make unsupported scientific claims. All
Al-assisted text and code were reviewed by the authors. The authors designed the method and ex-
periments, executed and tested the code, checked all numerical results against the recorded outputs,
and manually verified the relevant literature. We take responsibility for the final content of this work,
including any text, claims, code, or other artifacts produced with the aid of generative Al

ETHICS STATEMENT

This work uses established meteorological reanalysis and numerical weather prediction datasets,
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method on the target region, variables, and operational setting before deployment, particularly where
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The paper and appendix provide the complete method specification, the dataset and split descrip-
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evaluation protocol, including the initialization paths, the forecast horizon, the verification variables
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cross-backbone transfer test, so no reported result requires retraining a forecasting model. Upon
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Table 3: A summary of the 70 channels used by WeatherBridge. The Units column gives the physical
unit of each channel.

Type Full name Abbreviation Role Units Channels
Geopotential zZ Input and output m?s™?2 13
Temperature T Input and output K 13
Upper-air variables  u component of wind U Input and output ms~* 13
v component of wind v Input and output ms~! 13
Relative humidity R Input and output % 13
2-m temperature M Input and output K 1
10-m u wind component  U10M Input and output ms~! 1
Surface variables 10-m v wind component ~ V10M Input and output ms™* 1
Mean sea-level pressure ~ MSL Input and output  Pa 1
Total precipitation TP Input and output m 1
Total 70

Table 4: Per-channel reference error RMSE;[,’ef used to normalize the ORA loss: the RMSE of the
frozen backbone initialized from ERAS at the first inference step.

Channel Per-channel RMSE

7500 21.8412
7850 22.2562
U200 1.0605
M 0.6205
Ul10M 0.4522
V1OM 0.4659
MSL 31.0368
TP 0.6198
T300 0.2347

A IMPLEMENTATION AND EVALUATION DETAILS

A.1 TRAINING VARIABLES LIST

Table [3] summarizes the 70 channels used by our model: 65 upper-air channels comprising five
variables (z, t, u, v, r) at 13 pressure levels (50, 100, 150, 200, 250, 300, 400, 500, 600, 700, 850,
925, and 1000 hPa), and five surface variables (t 2m, ul0m, v10m, ms1, tp). All source and ERAS5
fields are normalized using the same ERAS per-channel means and standard deviations. The wind
speeds ws10 and ws850 are computed as the magnitudes of the horizontal wind vectors from the
corresponding U and V components at 10 m and 850 hPa, respectively.

A.2 CHANNEL LIST AND NORMALIZATION

Tablelists the nine guided channels of the ORA loss and the per-channel reference error RMSE?_
used to normalize them; the normalization is defined in Section 3.3.

A.3 EVALUATION METRICS

RMSE, (1) = \/Zi cos(@s) (fei(T) — 064(T))° o

22 cos(¢i)

- 52, €os(6i) fL(7) 0l.i(7)
Vi os(00)f2,(r)? - X, cos(@i)or, (1)

ACC, (7 (10)
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Table 5: ERAS reference initialization: the frozen backbone driven by ERAS fields, per evaluation
variable, at 6 h and 240 h.

Variable RMSE (6 h) ACC (6h) RMSE (240h) ACC (240 h)

7500 21.71 0.9996 745.90 0.5420
T2M 0.60 0.9825 2.67 0.5937
T850 0.38 0.9943 3.49 0.4757
WS10 0.46 0.9841 2.97 0.2774
WS850 0.66 0.9892 5.10 0.2853
MSL 32.02 0.9990 686.49 0.4975

RMSE and ACC are computed per variable, per lead time and per source; cos(¢) provides the
latitude weighting. Here f and o are the forecast and ERAS truth fields, f’ and o’ are anomaly fields
relative to the climatology, 7 is the lead time, and cos(¢) provides area weighting.

Lower RMSE indicates smaller errors; higher ACC indicates better agreement in anomaly patterns.
Following FuXi-RTM (Huang et al) [2025), we express the RMSE difference of WeatherBridge
relative to the baseline as

_ RMSEZ(n) — RMSE; (n)

NRMSE: (n) = RMSEL, (nc)*b"‘se x 100%. (11)

Thus, negative NRMSE indicates improvement over the baseline.

PSNR and SSIM assess the aligned initial field ¥ against the ERAS5 field xF at the same valid time,
per variable and per source, and are computed over the whole field with a single window, without
latitude weighting:

L,
PSNR.. = 201log, - (12)
NES TS
SSIM, — (2u3 2 + C1) (2044 + Ca) (13)

(13 +p2 +Ch) (03 + 02 4 Ca)

where 1 and o are the spatial mean and standard deviation of the aligned field & and of the ERAS
field x, o, is their spatial covariance, and NV is the number of grid points. L. is the data range of
variable c, defined as the difference between the 1st and 99th percentiles of the ERAS field, and it
also sets the SSIM constants C; = (0.01 L.)? and Cy = (0.03 L.)?.

A.4 ERAS5 REFERENCE INITIALIZATION

Table [3] reports the reference path, in which the frozen backbone is driven by ERAS5 fields, per
evaluation variable. It is the best initialization available in this setup and therefore serves as the
reference against which raw-source and WeatherBridge-aligned initialization are compared.

B EXTENDED RESULTS

B.1 STATISTICAL SIGNIFICANCE OF THE MAIN RESULTS

We also performed significance tests on the improvements reported in Section f.2] For each of
the 326 daily 00z initializations shared between the raw-source and WeatherBridge-aligned runs, we
compute the mean over the 40 six-hourly lead steps, form the per-initialization relative improvement,
and bootstrap its mean (10,000 resamples) to obtain a 95% percentile confidence interval (Table [6)).
The intervals exclude zero for 15 of the 18 source-variable pairs on RMSE and for 13 of the 18 pairs
on ACC: all six GFS and all six CMA variables are significant, whereas among the HRES variables
only T2M, T850 and WS10 reach significance on RMSE, consistent with HRES already starting
close to the ERAS reference and therefore having little headroom. The three RMSE pairs whose
interval contains zero (Z500, WS850 and MSL on HRES) differ by less than 0.2% in the mean.

13
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Table 6: Paired bootstrap confidence intervals for the mean rollout RMSE improvement over the
raw-source initialization. Each initialization’s mean over the 40 six-hourly lead steps (6 h to 240 h)
is formed first and the improvement is then averaged over the 326 daily 00z initializations; the last
column marks whether the 95% percentile interval (10,000 resamples) excludes zero. The pooled
mean in Table [T] weights every lead step equally instead, so the two averages differ slightly. ACC
behaves the same way: 13 of the 18 pairs have an interval excluding zero.

Source Var Mean RMSE improvement (%) 95% CI Sig.
7500 +46.11 [+45.50, +46.75] yes
M +45.70 [+45.14, +46.24] yes
GFS T850 +41.21 [+40.76,+41.65] yes
WS10 +32.60 [+32.30,+32.91] yes
WS850 +30.54 [+30.20, +30.88] yes
MSL +41.75 [+41.12,4+42.40] yes
7500 -0.17 —0.64,+0.28 no
M +0.72 +0.50, 4+0.95 yes
T850 +0.57 +0.33, +0.80 yes
HRES  \s10 +0.17 40.00,+0.33]  yes
WS850 -0.00 —0.18,+0.17 no
MSL +0.18 —0.26,+0.61 no
7500 +9.17 [+8.15,+10.18]  yes
T2M +25.87 [+25.11,426.61] yes
CMA T850 +9.97 [+9.39,+10.54] yes
WS10 +5.72 +5.37,4+6.06 yes
WS850 +4.14 +3.80, +4.48 yes
MSL +19.35 [+18.29,4+20.41] yes

Table 7: Ablation study. Each variant is compared with the full model trained on the same sources:
the ORA-weight ablation is trained on GFS only, and the source-embedding ablation is trained on
GFS, HRES and CMA.

Source Setting SSIM  PSNR

RMSE (6h) |
7500 T2M T850 WS10 WS850 MSL

ORA loss

ORA weight ablation (GFS only)
GFS Ar = 8 x 1073 (default) 0.9839 32.70 42.20 1.04 091 0.88 1.51 7098 1.8491

Af=0 0.9844 32.57 4543 1.08 090 090 149 81.67 1.9702
Source-embedding ablation (GFS, HRES and CMA)
GFS Full WeatherBridge 0.9851 3299 42.07 1.01 0.88 0.88 1.49 69.20 1.7574
w/o source embedding  0.9851 32.97 40.20 1.03 0.87 091 146 7473 1.7718
HRES Full WeatherBridge 0.9904 35.81 29.39 0.81 0.70 0.72 1.19 46.80 1.7574
w/o source embedding  0.9903 35.76 29.33 0.82 0.71 0.72 1.20 47.58 1.7718
CMA Full WeatherBridge 0.9827 32.18 53.85 1.10 1.03 0.93 1.63 7726 1.7574

w/o source embedding ~ 0.9826 32.12 5349 1.11 1.04 093 1.63 77.78 1.7718

B.2 ABLATION STUDY

In this experiment setting the ORA weight to zero is equivalent to w/o ORA loss, and it degrades
the rollout: with both models trained on GFS only, the 6 h RMSE increases for 4 of the 6 evaluation
variables, by 2.0% to 15.1%, and changes by less than 1% for the remaining two (T850 and WS850,
where it slightly decreases), and the measured ORA loss rises from 1.8491 to 1.9702. Removing the
source embedding also degrades the rollout: the 6 h RMSE increases for 13 of the 18 source-variable
pairs, by up to 8.0%, and its contribution is largest under source imbalance, where removing it raises
the 6 h RMSE for 17 of the 18 pairs and by up to 13.9% (Tables[7]and [g).

Degradation under imbalance scales with the training share: for the scarce CMA source,
PSNR/SSIM drop from 32.18/0.9827 (balanced) to 31.73/0.9808 (imbalanced) and further to
31.14/0.9782 when the source embedding is removed (imb_wo_src), while the dominant HRES
source is least affected (PSNR 35.81, 35.71, 35.47). Removing the embedding under imbalance
degrades 17 of the 18 source-variable pairs at 6 h, by up to 13.9%, so the source embedding con-
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Table 8: Source-imbalance stress test: balanced full-source training, imbalanced training (HRES
100%, GFS 50%, CMA 10%), and imbalanced training without the source embedding. PSNR/SSIM
describe the WeatherBridge-aligned initial field against ERAS, so they do not depend on lead time
and are listed once, in the upper block; the upper block then gives the RMSE of the six evaluation
variables at the first step (6 h) and the lower block the same RMSE at 240 h, where forecast error has
largely saturated.

Source Training mix PSNR SSIM RMSE (6h) J
Z500 T2M T850 WS10 WS850 MSL
Balanced 3299 0.9851 42.07 1.01 0.88 0.88 1.49  69.20
GFS  Imbalanced 32.62 0.9840 42.04 1.03 091 0.89 1.50 71.13
Imbalanced, w/o srcemb 31.94 0.9823 43.55 1.12 097 091 1.53  79.29
Balanced 35.81 0.9904 29.39 0.81 0.70 0.72 1.19  46.80
HRES Imbalanced 3571 0.9900 28.89 0.82 0.71 0.72 1.20  46.97
Imbalanced, w/o src emb 35.47 0.9897 2990 0.86 0.76 0.74 1.22 4996
Balanced 32.18 0.9827 53.85 1.10 1.03 0.93 1.63  77.26
CMA Imbalanced 31.73 0.9808 5324 1.17 1.06 0.95 1.67  79.17
Imbalanced, w/o srcemb 31.14 0.9782 51.19 1.33 1.15 0.99 1.70  84.00

RMSE (240h) |

Balanced 790.22 2.78 3.65 3.05 523  727.50
GFS  Imbalanced 788.96 2.78 3.64 3.05 5.24  727.58
Imbalanced, w/o src emb 784.68 2.80 3.63 3.04 521 722.84
Balanced 747.00 2.68 3.48 2.98 5.10 691.29
HRES Imbalanced 746.09 2.68 3.47 298 5.11 691.46
Imbalanced, w/o src emb 747.26 2.68 3.48 298 5.11 692.05
Balanced 806.73 2.83 3.71 3.07 528 742.12
CMA Imbalanced 798.97 2.82 3.69 3.07 528 73694
Imbalanced, w/o src emb 802.00 2.84 3.70 3.08 5.29 741.08

tributes most when the sources are imbalanced (Table [§). By 240h these differences have largely
disappeared: the three training settings differ by at most 1.0% on any source-variable pair, and the
ordering seen at 6h no longer holds, so the imbalance penalty is an early-rollout effect that error
growth masks at long lead times. Adding the source embedding leaves 5 of the 18 source-variable
pairs slightly worse, but it lowers the overall ORA loss, which averages the per-channel RMSE
normalized by the ERAS reference error over the guided channels, from 1.7718 to 1.7574. The em-
bedding therefore favours the aggregate multi-variable error over any single variable, so individual
variables may move in either direction while the overall error still decreases.

B.3 PARAMETER SENSITIVITY

Increasing the ORA weight from O to the default 8e-3 lowers the first-step Z500 RMSE from 45.43
to 42.20 while Z500 ACC stays around 0.999; SSIM/PSNR peak near 2e-3 (0.9845, 32.81) and
degrade sharply beyond 1.28e-1 (SSIM 0.9790, PSNR 30.75). The default 8e-3 therefore sits on the
fidelity-utility frontier (Figure [6).

B.4 MULTI-SOURCE TRAINING STRUCTURE (SOURCE MIXING)

Different mixtures of sources give different results (Table[9). Evaluated on a given source, training
together with a second source usually beats training on that source alone: for GFS, adding HRES
cuts the 6 h RMSE of the most improved variable, T850, by 2.2% and degrades none of the six,
for a mean reduction of 1.4%, while adding CMA instead leaves three of the six variables slightly
worse, by at most 1.1%, and the mean 0.4% higher. Over all sources the worst pair is still only 2.9%
behind the single-source model. The gain is largest for CMA, the weakest source on its own, which
improves on five of its six variables when trained together with HRES. We therefore train the final
adapter on all three sources, since no negative interference between sources is observed.
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Figure 6: Sensitivity to the ORA weight A (default 8 x 1073; source: GFS). Each panel shows one
metric against the weight: initial-field SSIM and PSNR, first-step Z500 RMSE and ACC, and the
ORA loss; the star marks the default setting.

Table 9: Multi-source training structure: single-source models and pair-trained adapters, each eval-
uated on every source.

RMSE (6h) |
7500 T2M T850 WS10 WS850 MSL

GFS-only 3270 0.9839 4220 1.04 091 088 1.51 7098
GFS GFS+CMA 32.67 09842 4251 1.04 091 0.89 1.51 7132
GFS+HRES  32.82 09844 4135 1.03 089 088 149 69.60
HRES-only 35.67 09898 29.01 0.82 0.72 0.72 121 47.06
HRES GFS+HRES  35.72 0.9901 29.28 0.82 0.72 0.72 120 47.17
CMA+HRES 35.81 0.9904 29.16 0.81 0.71 0.72 1.19 46.72
CMA-only 31.87 09812 51.99 1.17 1.06 0.95 1.66  77.62
CMA GFS+CMA 31.95 09815 5349 1.14 1.05 094 1.66 78.03
CMA+HRES 32.17 0.9828 53.06 1.10 1.03 0.93 1.62  77.07

Eval source Training setup PSNR SSIM

B.5 DATA SCALE

Rollout and initial-field metrics improve monotonically with more paired data: SSIM 0.9795 to
0.9839, PSNR 31.12 to 32.70, and the 6h RMSE of every evaluation variable falls from 25% to
100% of the samples, for example from 44.45 to 42.20 for Z500 and from 83.97 to 70.98 for MSL,
showing that the source-to-ERAS structured bias is learnable and that WeatherBridge scales with
data (Table[T0).

B.6 EFFICIENCY AND TRAINING COST

The smallest configuration is the best: Lite (138.4M) attains the lowest 6 h RMSE on all six eval-
uation variables and the lowest ORA loss (1.8491), while Mid (222.5M) and Deep (285.4M) are
slightly worse (for example from 1.04 to 1.08 and 1.11 for T2M, and from 70.98 to 71.89 and 74.35
for MSL). Capacity scaling therefore saturates, which supports using the Lite model as the main
configuration and treating WeatherBridge as a lightweight front-end adapter (Table [TT). The Lite
model trains in about 88 h on 4 A100 GPUs (about 350 GPU-hours), and the test-time FuXi rollout
over the three sources (326 initializations each) takes about 46 h in total.
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Table 10: Data-scale study (default source GFS): training on 25%, 50% and 100% of the paired
samples.

RMSE (6h) |

Training samples SSIM PSNR ORA loss
7500 T2M T850 WSI10 WS850 MSL
25% 09795 31.12 4445 120 1.03 0.92 1.54 8397 2.0340
50% 09803 31.45 4446 1.17 1.00 092 1.54 83.57 2.0160
100% 0.9839 3270 4220 1.04 091 0.88 1.51 7098 1.8491
Table 11: Model-scale study (default source: GFS).
Model SSIM  PSNR RMSE (6h) | ORA loss

7500 T2M T850 WS10 WS850 MSL

Lite 0.9839 32770 4220 1.04 091 0.88 1.51 7098  1.8491
Mid 0.9836 3250 42.65 1.08 092 0.89 .52 7189  1.8793
Deep 09831 3233 4325 1.11 094 090 1.52 7435 1.8986

Table 12: Naive and WeatherBridge-aligned initialization on FengWu for the GFS source: RMSE
and ACC at 6 h and 240 h per variable, with the raw-source value followed by the WeatherBridge-
aligned value and by A, the relative improvement of the WeatherBridge-aligned result over the
raw-source result in percent, computed before rounding; “1”” and “|” indicate that higher and lower
values are better, respectively.

Var ‘ RMSE 6h | ‘ ACC6h T ‘ RMSE 240h | ‘ ACC 240h 1

| raw WeatherBridge A | raw WeatherBridge ~ A | raw WeatherBridge A | raw WeatherBridge A
7500 |226.94 56.41 75.14%0.9621 0.9976 3.70% |1023.32 952.65 6.91% (0.0732 0.1748 138.68%
T2M 2.28 1.22 46.24% |0.7485 0.9268 23.82% | 3.93 323 17.77%0.3584 0.4365 21.78%
T850 6.14 0.93 84.83%(0.2846 0.9645 238.90%| 4.81 4.08 15.25%|0.0783 0.1717 119.27%
WS10 | 1.65 0.90 45.49% |0.7880 0.9381 19.05% | 3.88 3.86 0.61% |0.0479 0.0907 89.50%
WS850| 2.77 1.56 43.57% |0.7948 0.9383 18.06% | 6.29 591 6.08% (0.0322 0.0873 171.17%

MSL |297.15 80.75 72.82%(0.9112 0.9938 9.07% | 867.90 727.29 16.20% |0.0952 0.2912 205.81%

B.7 TRANSFER TO A SECOND BACKBONE (FENGWU)

WeatherBridge is trained jointly with a frozen FuXi backbone. In this experiment the FengWu back-
bone is used as released: only its initial fields are replaced by the WeatherBridge-aligned states, so
the adapter is applied unchanged and nothing is retrained for FengWu. Table 2| reports the resulting
rollout on the GFS source, which shows that the adapted states are usable by a different ERAS-
trained backbone.
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