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Abstract

Many forecast archives provide six-hourly fields, but applications need hourly

states. We ask whether a learned interpolator can recover intermediate trajecto-

ries from two endpoints at query hours omitted from training. We compare linear

interpolation and six architectures at six- and twelve-hour horizons, and test trans-

fer to IFS HRES forecasts. A matched six-hour WeatherBridge control receives

supervision at every interior hour. WeatherBridge combines query-conditioned

bidirectional transport with multiscale and spectral corrections. It has the lowest

aggregate error at held-out query hours at both horizons, although no model

wins every field. The matched control improves held-out query hours but barely

changes trained ones, measuring the cost of withholding query times. Models

trained on ERA5 lose this advantage on forecast trajectories; HRES adaptation

recovers about 7% over linear interpolation in a retrospective audit. Learned

interpolation captures nonlinear motion and small-scale structure between sparse

anchors, while temporal coverage and anchor-domain mismatch bound its benefit.

Keywords: weather interpolation, held-out query times, IFS HRES, anchor transport,
ERA5
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1 Introduction

Global forecast archives and benchmarks commonly expose states on fixed temporal

grids. GraphCast predicts at six-hour intervals [1], whereas Pangu-Weather includes

separate one-, three-, six- and 24-hour models [2]. FuXi, Aurora, Stormer, AIFS and

GenCast provide further examples of learned global forecast systems [3–7]. FourCastNet

uses Fourier operators for global prediction [8], while NeuralGCM learns components of

a numerical general circulation model [9]. ClimaX trains a foundation model spanning

weather and climate tasks [10]. FengWu extends skilful deterministic forecasts beyond

a ten-day lead for selected fields [11], while Aardvark predicts weather directly from

observations [12]. Keisler demonstrated an early global graph-network forecaster [13].

WeatherBench and WeatherBench 2 provide shared forecast-verification protocols

[14, 15]. ERA5 provides hourly reference states [16]. Recovering an interior state xτ

from known anchors x0 and xT is an interpolation problem, not a forecast: information

from the later anchor is available by definition. Linear interpolation is consequently a

strong reference, but it assumes that each Eulerian grid value follows the chord between

its endpoint values. A translated pressure system, moisture filament or near-surface

wind feature does not obey that assumption. Its amplitude can be attenuated even

when the two anchors resolve the feature clearly. Motion-aware reconstruction has

precedents in optical-flow precipitation nowcasting [17, 18] and, more broadly, in the

characteristic-based transport used by semi-Lagrangian atmospheric schemes [19].

Figure 1 shows the interpolation task and the target-dependent training loop. The

interior ERA5 state provides supervision during training and the reference during

evaluation; inference uses only the two anchors and query metadata. We use 2020 for

development, 2021 for calendar transfer and a prespecified 2022 ERA5 sample for a later

calendar check. Methods records the complete split and HRES development chronology.

Weather time interpolation has received less controlled study than weather fore-

casting. ModAFNO [20] adds τ conditioning to an Adaptive Fourier Neural Operator;
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Fig. 1 WeatherBridge interpolation and training workflow. a) Six-hour reconstruction of 850-hPa air
temperature during the Pacific Northwest heatwave of 28–29 June 2021. The same anchors condition
independent predictions at each query time; ellipses denote the omitted second and fourth hours. b)
Training uses the anchors, their difference, static fields and t = τ/∆. The interior ERA5 state supplies
only the pixel, high-pass and spectral error terms. The green path is active during back-propagation
and absent at inference.

DYffusion [21] couples interpolation and forecasting in a probabilistic sampler. Its

diffusion process uses temporal interpolation in place of the Gaussian noising pro-

cess of denoising diffusion models [22]. Spherical DYffusion applies this framework to

global climate emulation with spherical operators [23]. SpateGAN-ERA5 [24] instead

addresses generative spatial and temporal downscaling of precipitation. Recent task-

specific systems extend the range: HFD-CF [25] combines variable-specific flow with

multiresolution warping for four midpoint fields, MSF-TCMA [26] combines multi-

scale wavelet and multi-source features with a continuous-time manifold on regional

unseen-time tests, while HourGlass [27] reconstructs probabilistic, temporally coherent

trajectories from forecast-system output. Their variables, resolutions, training sources

and query-time protocols differ, so published scores do not resolve the architectural

comparison or behaviour at longer anchor intervals. Generative nowcasting models
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learn future precipitation distributions [28, 29], neural weather models such as MetNet

forecast precipitation directly from observations [30], and CorrDiff reconstructs fine

spatial structure conditional on coarse atmospheric fields [31].

Video-frame interpolation suggests three useful mechanism families. Direct synthesis

avoids an explicit flow field [32]; VFIformer and EMA-VFI aggregate long-range or inter-

frame evidence with attention [33, 34]; and DAIN, RIFE, IFRNet and AMT estimate

motion before fusing transported endpoints [35–38]. Quadratic Video Interpolation

and EQVI add acceleration for non-uniform motion [39, 40], while softmax splatting

treats collisions during forward warping [41]. Super SloMo makes intermediate time

an explicit input [42]; FILM handles large image motion with multiscale features [43].

Diffusion models have also been applied to frame interpolation [44, 45].

Global atmospheric fields change the requirements behind these mechanisms. Longi-

tude is periodic, grid cells have unequal area, the poles are coordinate singularities, and

24 variables must remain mutually consistent. Spectral power can look correct even

when a front is displaced, whereas a smoother field can reduce pointwise error while

erasing an informative residual. We therefore evaluate transport together with spherical

scalar and vector spectra, diagnostic balances and temporal consistency. WeatherBridge

adapts second-order transport to this setting; the quadratic displacement formula itself

follows prior VFI work.

We compare explicit anchor transport with additive encoder–decoder reconstruction

under a common 24-field protocol. The benchmark includes a time-conditioned SwinV2

[46], ModAFNO, S-DYff with Spherical FNO [47], PixelAttn-VFI, the DC-AE-derived

WeatherDCAE [48], and WeatherBridge. SwinV2 and WeatherDCAE represent direct

residual synthesis, PixelAttn-VFI represents feature-level endpoint interaction, and

WeatherBridge supplies explicit transport. These are weather-specific implementations

inspired by the cited model families rather than reproductions of image-domain systems.
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Because their objectives and update budgets differ, the benchmark measures paper-scale

performance rather than matched-compute efficiency.

Supplementary Fig. S14 shows how WeatherBridge combines anchor transport with

additive reconstruction. Transport moves existing weather structures towards the query

state; additive branches represent changes in their amplitude and shape. A learned

gate combines transported anchors with linear interpolation, and a final temperature-

column head adjusts geopotential and mean sea-level pressure. The study makes three

contributions, each tied to a separate experiment:

1. Held-out query-hour benchmark. Six weather-adapted architectures share a

24-field protocol. A matched WeatherBridge control trained on every interior hour

isolates query withholding from intrinsic hour difficulty. This supports transfer to

sampled unseen queries, not continuous-time generalisation; the 12 h experiment

remains an interval-length ablation.

2. WeatherBridge. A linear residual scaffold is combined with bidirectional second-

order transport, multiscale corrections and spectral supervision. The model gives the

lowest aggregate error at held-out query hours at both anchor intervals, with field-

level exceptions; same-checkpoint lesions test acceleration, warped-anchor transport

and the hydrostatic head.

3. Forecast-trajectory transfer. ERA5-trained models lose their advantage on IFS

HRES anchors. Limited HRES adaptation restores an aggregate gain over linear

interpolation, separating interpolation skill from anchor-domain mismatch; native

data-driven forecast trajectories remain untested.

2 Results

We evaluate aggregate accuracy together with fieldwise, spectral, event-scale and

physical diagnostics. ERA5 reconstruction and interpolation between IFS HRES forecast

states answer different questions and are reported separately.
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2.1 Interpolation at held-out query hours

Fig. 2 shows normalised root-mean-square error (RMSE) and anomaly correlation

coefficient (ACC) versus τ on the 2020 development year. WeatherBridge is the proposed

transport model, and WeatherDCAE-14M is the compact deep-compression reference

under the same 24-channel scoring protocol. Error is largest near the midpoint, while

the two held-out hours retain the same ordering as their trained neighbours. Table 1

separates trained from held-out query coordinates at both anchor gaps. The aggregate

RMSE is 0.06263 for WeatherBridge, 0.07075 for WeatherDCAE-14M and 0.12680

for Linear Interp. The per-field results below resolve these averages into gains and

regressions.

At the held-out hours of the six-hour task, WeatherBridge reaches RMSE 0.07431,

9.0% below WeatherDCAE-14M and 48.6% below Linear Interp. At the held-out hours

of the twelve-hour task, its RMSE is 0.13277, improvements of 5.8% and 52.3% over
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Fig. 2 Full-year 2020 scores for the principal models. a) Normalised RMSE. b) ACC against the
WeatherBench-2 1990–2019 hourly climatology. WeatherBridge is the emphasized red curve. Grey
bands mark the held-out query hours τ ∈ {2, 4}, which are absent from training. Curves share a
window index; tests use paired seven-day blocks. S-DYff and S-DYff-ENS use one and 21 stochastic
reconstructions, respectively, from the same checkpoint.
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Table 1 Performance at trained and held-out query hours on the 2020 ERA5 benchmark. Six-hour
models train at τ ∈ {1, 3, 5} and hold out {2, 4}; twelve-hour models hold out {4, 6, 8}. Entries are
mean ± standard deviation of the 24-channel macro RMSE across query hours. The standard
deviation describes variation between hours, not sampling uncertainty over dates. Differences
between the trained and held-out columns also reflect the intrinsic difficulty of their query hours and
are not an estimate of a generalisation gap.

Model 6 h seen 6 h held out 12 h seen 12 h held out

WeatherBridge 0.055± 0.019 0.074± 0.003 0.099± 0.033 0.133± 0.008

WeatherDCAE-14M 0.063± 0.021 0.082± 0.004 0.107± 0.034 0.141± 0.008

Linear Interp. 0.115± 0.040 0.144± 0.001 0.202± 0.074 0.278± 0.015

the same references. The gain over Linear remains close to the gain at trained hours,

and the model ordering persists at the held-out query hours.

A matched six-hour self-comparison measures the cost of withholding hours 2

and 4. Direct supervision lowers WeatherBridge RMSE at those hours by 8.77% in

2020 and 8.78% in 2021; at trained hours 1, 3 and 5, the change is below 0.4%

(Supplementary Fig. S8). Supplementary Fig. S9 resolves the change by field and hour,

and Supplementary Table S4 records which checkpoint comparisons match both seed

and update budget. The sparse-query checkpoint transfers useful skill to both omitted

hours; direct supervision retains an 8.8% advantage. This test covers integer hours,

and the twelve-hour setting lacks an all-query control.

Figs. 3, 4 and 5 resolve the six-hour aggregate into the five interior-hour trajectories

for every evaluated field. WeatherBridge has the lowest mean RMSE over τ = 1, . . . , 5

for 19 of 24 fields. WeatherDCAE-14M remains better for the four geopotential levels

and MSLP. WeatherBridge wins most fields, but the mass-field regressions rule out a

field-uniform claim.

The S-DYff-ENS curves add ensemble averaging to the same checkpoint and

evaluation windows. Supplementary Figs. S15, S16 and S17 complete the field-wise

comparison for twelve-hour interpolation in 2021 and both intervals on the fixed 2022

sample. The ensemble-size comparison and its paired single-draw control are described

in Supplementary Section 17.
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Fig. 3 Full-year 2020 physical-unit RMSE trajectories for temperature and specific humidity at
four pressure levels. Each panel follows the six-hour interpolation from τ = 1 to 5 h; lower is better.
Pink bands mark held-out query hours τ ∈ {2, 4}. WeatherBridge is the solid red curve. Scales differ
between fields and should only be compared within a panel. All neural curves use the same evaluator
and full-year window index.

Supplementary Figs. S3–S4 report the corresponding 12-hour ablation without

repeating the six-hour panels above. Units and climatological scales differ, so compar-

isons are meaningful within a field and query hour, not across variables. Fig. 2a gives

the normalised aggregate; Supplementary Figs. S6–S7 show the 2021 field ordering.

On the 2022 sample, WeatherBridge has lower pointwise RMSE in 109 of 120 six-

hour and 254 of 264 twelve-hour field–hour cells. The paired aggregate and held-out

intervals in Supplementary Table S5 exclude zero at both gaps. Held-out RMSE is
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Fig. 4 Full-year 2020 physical-unit RMSE trajectories for zonal and meridional wind at four pressure
levels and 10m. Plotting conventions and model provenance match Fig. 3.

11.09% lower than WeatherDCAE-14M at six hours and 5.69% lower at twelve hours.

The internal Detail and Refine variants are 0.3–0.4% better at 6 h in 2020 and 2021,

but WeatherBridge is better at 12 h and has the lowest aggregate score when the two

gaps are considered together. Supplementary Table S9 reports that comparison.

The sample preserves the aggregate and held-out ordering while revealing Holm-

significant regressions in ten six-hour and seven twelve-hour field–hour cells. The
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Fig. 5 Full-year 2020 physical-unit RMSE trajectories for geopotential at four pressure levels, 2-m
temperature and mean sea-level pressure. Plotting conventions and model provenance match Fig. 3.

internal robustness sensitivity consequently retains WeatherDCAE-14M; we report

that sensitivity analysis in Supplementary Table S7 rather than using it to define

the study’s central held-out endpoint. Supplementary Table S8 gives representative

vector-SHT comparisons.

Same-checkpoint lesions show that both transport terms contribute to the reported

checkpoint. Disabling acceleration raises aggregate RMSE by 2.16%; disabling warped-

anchor transport raises it by 60.54% on the full-year 2020 index. Disabling the

hydrostatic head has a smaller aggregate effect (+0.04%), but worsens all 25 targeted

geopotential/MSLP field–hour cells after Holm correction; mean hydrostatic-balance

MSE rises by 1.06% across the five query hours (Supplementary Table S10). These
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lesions test whether the trained checkpoint uses each term, not how a model trained

without that term would perform. The hydrostatic head has a small field-specific effect,

whereas transport accounts for the largest checkpoint sensitivity. The fine, coarse

and SFNO residual branches and the learned blend gates are not isolated by these

tests, so their individual accuracy gains remain unquantified. The retrained Detail and

Refine variants change several mechanisms and do not resolve that attribution. The

2021 comparison reuses the model set, normalisation, full-year window construction

and query-hour split from 2020; no checkpoint trains on 2021. Because it informed

development, the 2021 result is a calendar-transfer diagnostic. The prespecified 2022

sample supplies the later calendar check. Supplementary Table S3 reports its aggregate

six-hour scores.

Exchanging the two anchors and replacing t by 1− t produces a different prediction.

On the retained 48-endpoint diagnostic, WeatherBridge’s exchange RMSE is 0.287

in 2020 and 0.285 in 2021, more than three times its forward reconstruction error

(Supplementary Table S11). The transport heads are bidirectional, while the complete

interpolator is asymmetric because the left and right endpoints retain different learned

roles.

WeatherBridge improves on WeatherDCAE-14M at every UTC start in both years.

Its pooled advantage is 12.7% within one assimilation window and 9.7% across a

boundary in 2020, with corresponding 2021 values of 12.6% and 9.6% (Supplementary

Table S6). Assimilation timing changes the size of the gain, which nevertheless persists

in all eight year–start strata.

2.2 Transfer to IFS HRES forecast trajectories

We replace the ERA5 anchors with two states from one IFS HRES forecast trajectory

and retain ERA5 as the intermediate target. For each anchor pair, τ = 1, . . . , 5 denotes

the offset inside the six-hour interval; forecast lead is a separate coordinate. The
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resulting error combines temporal interpolation with HRES–ERA5 mismatch. The

twelve-hour same-trajectory scores by field group and illustrative lead-bin trajectories

are in Supplementary Table S2 and Supplementary Fig. S5, respectively.

Full-weight adaptation across forecast leads

Unlike the coefficient adapter below, this experiment updates the network weights.

Its 24-initialisation 2022 index is distinct from both the 16-initialisation coefficient-

adapter test and the 48-window ERA5 calendar-transfer sample. The row labelled

“fine-tuned WeatherDCAE-14M” in Table 2 denotes full-weight optimisation, not the

WeatherBridge coefficient adapter.

Lead coverage was inspected on the 2021 development archive. Fine-tuning on the

short deployment range improves mean field–hour RMSE over linear interpolation by

1.70%. Extending training to 0–216 h on a 24 h lead grid raises the gain to 7.63%; using

the native 6 h lead grid raises it to 12.35%.

The two full-range checkpoints specialise by lead. Routing the coarse-grid checkpoint

below 48 h and the dense-grid checkpoint thereafter gives mean RMSE 0.4671, compared

with 0.5567 for Linear, 0.5143 for the coarse checkpoint and 0.4880 for the dense

checkpoint. Relative to each comparator, the routed result improves by 16.10%, 9.18%

and 4.29%, respectively. These development results define the routing rule but provide

no confirmation evidence.

On the fixed 2022 dates, the full-range coarse-grid checkpoint reduces the mean

of the 120 field–hour RMSE values from 0.2902 to 0.2691 (7.28%). The lead-routed

ensemble reaches 0.2675 (7.83%), but its spectral promotion audit is incomplete. We

therefore retain the coarse-grid checkpoint as the adapted model of record and report

the ensemble as a secondary result. Because the full-range branch postdates inspection

of 2022, these values are retrospective rather than independent confirmation evidence.

Statistical resampling uses the 24 forecast initialisations as blocks; the 600 window–

hour records remain grouped within them.
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Table 2 Six-hour interpolation from IFS HRES forecast anchors to
ERA5 on a fixed 2022 retrospective set (24 initialisations; left-anchor
leads {0, 24, 48, 72, 96} h; right endpoint through 102 h). Scores are the
arithmetic mean of 120 latitude-weighted field–hour RMSE values.
This index is distinct from the coefficient-adapter and ERA5
calendar-transfer samples. The lead-routed ensemble gives the lowest
point estimate, but its spectral promotion audit has not been run;
bold therefore marks the coarse-stride model of record, which passes
the separately reported spectral criterion. The full-range branch
postdates inspection of 2022, so this table is descriptive rather than
independent confirmation.

Method RMSE vs. linear

Linear interpolation 0.2902 —
WeatherBridge, no adaptation 0.2866 +1.23%
WeatherDCAE-14M, no adaptation 0.2876 +0.91%
WeatherDCAE-14M, short-range fine-tuned 0.2740 +5.60%
WeatherBridge, short-range fine-tuned 0.2711 +6.59%
WeatherBridge, full-range coarse grid 0.2691 +7.28%
WeatherBridge, full-range dense grid 0.2715 +6.45%
WeatherBridge, lead-routed ensemble 0.2675 +7.83%

The corresponding spectral audit covers Q850 and U850 at query hours 2 and 3 over

spherical-harmonic degrees 80–180. The coarse-grid checkpoint satisfies the predeclared

shape and coherence margins in all four cells. The dense-grid checkpoint fails, with

coherence changes of −0.038 for Q850 and −0.035 for U850 at query hour 2. The

channels were selected during development, so this audit can promote a checkpoint

but cannot confirm performance on an independently chosen spectral panel.

A final experiment isolates temporal reconstruction from forecast–analysis mismatch

by taking both anchors and the target from one HRES run. A twelve-hour checkpoint

reconstructs the archived six-hour state. On 16 initialisations, WeatherBridge gives

the lowest point estimate among the three evaluated neural models, reducing RMSE

by 42.6% relative to linear interpolation (Supplementary Table S2 and Supplementary

Fig. S5). This small 2021 sample is exploratory and has no training-seed uncertainty.

Frozen-coefficient adapter

Before adaptation, Linear interpolation has the lowest point estimate in 93 of 120

field–hour cells at 6 h and 232 of 264 cells at 12 h. Within the displayed three-model
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comparison, WeatherDCAE-14M and WeatherBridge lead in 16/11 cells at 6 h and

20/12 cells at 12 h, respectively. The twelve-hour transfer scores and raw six-hour cell

counts remain in Supplementary Data 1, while Supplementary Fig. S12 places the raw

six-hour controls and the fixed adapter on the 2022 test index. Nonlinear corrections

learned from ERA5 anchor pairs therefore transfer poorly to HRES anchors. The

validation-selected correction in Eq. 3 addresses this source shift. WeatherDCAE-14M

and raw WeatherBridge are post-hoc controls; the confirmatory adapter-versus-Linear

test excludes both post-hoc curves.

Across the 16-initialisation 2022 test, the adapter reduces aggregate RMSE from

0.73466 to 0.73382, a 0.114% change. None of 10,000 sign-flip draws is at least as

extreme as the observed effect (Monte Carlo resolution 1/10001); the paired MSE-

effect 95% interval is [0.00116, 0.00129]. Sign flips and bootstrap draws operate over

the 16 forecast initialisations; the 3200 field–hour records remain grouped within each

initialisation. The reduction is 0.137% at the held-out hours τ ∈ {2, 4}, again with no

exceedance in 10,000 sign flips. It is concentrated at short HRES leads: 2.384% at 0–48 h

and 0.301% at 48–120 h, followed by the predeclared exact tie at 120–240 h. Among the

72 active field–hour cells, 70 improve and two regress; the remaining 48 cells are exact

guarded ties. The two regressions are T700 at τ = 2 (−0.048%) and τ = 4 (−0.028%).

Thus aggregate and held-out-hour RMSE improve despite two small T700 regressions.

The cell-centred SHT analysis in Supplementary Table S18 separates coefficient align-

ment from amplitude error. The frozen coefficient adapter increases high-wavenumber

coherence and signed cospectrum for both Q850 and U850 at τ ∈ {2, 3}. No sign-flip

exceedance occurs in the four field–hour cells; the two-test Holm family has resolution

2/10001. Energy and shape errors are mixed: U850 shape improves at τ = 2, whereas

three of four energy comparisons and both Q850 shape comparisons favour Linear.

Thus the adapter improves alignment of small-scale coefficients but does not fully

calibrate their amplitude.

14



645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690

2.3 Spectral analysis

Supplementary Fig. S11 examines two six-hour query times: τ = 2 was excluded from

training, whereas τ = 3 was observed. We report power ratio and signed cospectrum for

Linear interpolation, the four neural baselines, WeatherDCAE-14M and WeatherBridge.

Power can match despite misplaced or anti-phase structure; a signed cospectrum near

one also requires aligned coefficients. Band-integrated energy, shape and phase statistics

use every valid 2020 date at the 00 and 12 UTC anchor starts, with paired calendar-

week resamples. Specific humidity (Q850) and zonal wind (U850) at 850 hPa were

chosen during development to show moisture and wind behaviour and are interpreted

descriptively.

WeatherBridge has the highest signed cospectrum among the plotted methods in all

four Q850 and U850 panels, while the power-ratio ordering varies with field, wavenumber

and query hour. Power and cospectrum must be read together: similar amplitude can

coexist with weaker phase alignment. The all-field spectral tests determine the broader

comparison. Supplementary Fig. S10 shows the corresponding 12 h power ratios for

Q850 and V850 at a trained hour (τ = 5) and a held-out hour (τ = 6). The figure shows

the component curves. The scalar and vector spherical-harmonic-transform (SHT)

summaries in Supplementary Tables S12 and S13 determine the spectral comparison.

2.4 Twelve-hour interval-length ablation

To test sensitivity to anchor spacing without redefining the primary task, we double

the six-hour anchor gap. All 12 h variants use the same 24 channels, 2017–2019 training

years and query coordinate t = τ/∆. They train at τ ∈ {1, 2, 3, 5, 7, 9, 10, 11} and are

evaluated at every interior hour. The held-out hours {4, 6, 8} include the midpoint

and test interpolation between sampled query times. The learned path between those

discrete hours remains unobserved. Methods gives model capacities and update budgets.
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Supplementary Figs. S3 and S4 report the 12 h result by channel class. Weather-

Bridge is evaluated at all eleven interior hours using the same normalisation as the

other models. It obtains mean RMSEnorm = 0.10812 over the full grid and 0.13277

on the held-out hours, compared with 0.22265 and 0.27820, respectively, for Linear

Interp. Its mean ACC is 0.98660 over all hours and 0.98110 on the held-out subset.

The per-field panel cannot isolate the source of an error at a held-out hour; the spatial

backbone, optimisation and capacity also change across models. Off-scale ModAFNO

values are marked explicitly in the Supplementary panel.

Supplementary Table S1 reports the aggregate 12 h held-out-hour comparison for the

2020 development year. All learned models use the same nominal 0.5◦ data split, query-

hour sampler, peak learning rate and evaluation windows; their architecture-specific

update counts are reported in Supplementary Table S16.

The full-year spherical-harmonic audit is reported by channel in Supplementary

Table S13. The corresponding 6 h results appear in Supplementary Table S12; both

tables use the block-average latitude coordinates with spherical strip-area quadrature

and retain every valid date on the 00/12 UTC start-time index. At 12 h, WeatherBridge

preserves less mean high-frequency energy than WeatherDCAE-14M (0.768 versus

0.793) and is farthest from unity for T700 and T2m. The advantage observed in selected

six-hour phase diagnostics therefore does not extend uniformly to the longer interval.

2.5 Diagnostic physical balances

Pointwise accuracy does not guarantee that a reconstructed state has the same diagnos-

tic balance as ERA5. Supplementary Table S14 reports the predicted-to-ERA5 ratio

for the ageostrophic-wind RMSE and the hydrostatic residual. Each entry averages

the interior query hours and 180 anchor windows selected uniformly from a 48-hour

candidate grid in 2020. WeatherBridge is shown beside WeatherDCAE-14M and linear

interpolation. A ratio of one reproduces the ERA5 residual scale. Values below one may
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result from smoothing, so neither the minimum nor the maximum ratio is preferred;

distance from one is the relevant quantity. This smaller balance audit is descriptive;

the separate full-year physical suite in Methods supplies the paired robustness analysis.

2.6 Regional diurnal-cycle reconstruction

Global RMSE leaves regional timing and amplitude unresolved. We therefore aggregate

T2m, U10 and V10 over four predefined regions and 12 monthly local-time climatologies.

Supplementary Table S15 gives equal weight to each of the resulting 144 region–month–

field strata and compares the same three methods as the balance audit. The amplitude

statistic measures departure from the ERA5 climatological range, while the circular

peak error measures local-time displacement. These descriptive regions expose local

behaviour that global RMSE misses; they were excluded from model selection and

provide no population-level regional inference.

2.7 Event-scale evaluation under atmospheric extremes

Independent reports defined six events before error inspection: the Texas cold outbreak,

Pacific Northwest heatwave, Hurricane Ida, and Typhoons Surigae, Chanthu and Rai.

The evaluation manifest records their regions and diagnostic fields. Six cases are too

few to estimate an extreme-event climatology. They do test whether the aggregate

2021 ordering survives in high-impact local states without fine-tuning or test-time

adaptation. The aggregate summary below covers all six events. Fig. 6 shows three

cyclone cases selected by the rule stored in the figure provenance.

WeatherBridge has lower event-aggregate RMSE in 6/6 cases. Its mean normalised

RMSE is 0.087, compared with 0.097 for WeatherDCAE-14M and 0.144 for Linear

Interpolation, a 10.5% reduction relative to WeatherDCAE-14M. Across the four

tropical cyclones, the corresponding wind-speed RMSEs are 0.449 and 0.482m s−1,

respectively, a 6.8% reduction.
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ERA5 Linear WeatherDCAE-14M WeatherBridge
a)  Rai | MSLP | 16 Dec 2021, 03 UTC

114°E 126°E
0°N

10°N

20°N

114°E 126°E
RMSE 1.09 hPa

114°E 126°E
RMSE 0.49 hPa

114°E 126°E
RMSE 0.31 hPa
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prediction - ERA5 (hPa)

b)  Surigae | 10-m wind | 17 Apr 2021, 15 UTC

118°E 130°E
3°N

13°N
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RMSE 0.81 m s−1
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c)  Ida | 10-m wind | 29 Aug 2021, 15 UTC
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19°N

29°N
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Fig. 6 Local diagnostics for three cases from the independently selected 2021 extreme-event set. In
panels a)–c) the leftmost column is ERA5 and the remaining three columns are the signed error
of Linear Interpolation, WeatherDCAE-14M and WeatherBridge at τ=3h for Typhoon Rai mean
sea-level pressure, Typhoon Surigae 10-m wind speed and Hurricane Ida 10-m wind speed. Error maps
share a colour range within each row, and annotations give area-weighted RMSE over the displayed
region. Maps are illustrative post-hoc diagnostics: from the four cyclone candidates they retain cases
with lower WeatherBridge RMSE than WeatherDCAE-14M for the displayed field and hour. Aggregate
results in the text retain all six events, including Chanthu.

WeatherDCAE-14M has the smaller maximum-wind error in three of the four

cyclones and the smaller temperature-extremum error in both temperature cases.

WeatherBridge has lower error over the surrounding event fields. The models therefore

rank differently for distributed accuracy and isolated peak retention.

Supplementary Fig. S2 adds a development-year trajectory rather than a single

selected hour. It shows mean sea-level pressure during Typhoon Haishen at three
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consecutive query times, including both held-out hours. Supplementary Fig. S1 gives the

corresponding vector-wind comparison during Hurricane Laura. Both are development-

time qualitative diagnostics; the 2021 event audit excludes them.

3 Discussion

Learned corrections remain useful at sampled query hours omitted from optimisation.

WeatherBridge retains its aggregate lead at the held-out hours for both six- and twelve-

hour anchor gaps. On the 2022 ERA5 sample, held-out RMSE is 11.09% and 5.69%

below WeatherDCAE-14M, respectively. The matched six-hour control quantifies the

cost of withholding supervision: restoring hours 2 and 4 to training lowers their RMSE

by about 8.8%, while changing trained-hour RMSE by less than 0.4%. The sparse-query

model transfers useful skill, while direct supervision remains better. The evidence

covers integer query hours; continuous-time evaluation and a matched twelve-hour

control remain open.

WeatherBridge assigns different roles to transport and residual synthesis. The flow

heads move resolved structure toward the requested hour; the local and global residual

branches model deformation, unresolved development and smooth mass-field change.

Removing acceleration from the trained checkpoint raises aggregate RMSE by 2.16%,

and removing warped-anchor transport raises it by 60.54%. The hydrostatic head

has a much smaller aggregate effect, but improves every geopotential/MSLP field–

hour cell that it modifies and reduces mean hydrostatic-balance error. These internal

displacements improve the prediction but represent neither observed parcel tracks nor

conservation constraints.

Spectral power alone cannot distinguish a correctly placed front from one with

the right amplitude at the wrong longitude. At six hours WeatherBridge improves

signed cospectrum in several high-wavenumber diagnostics, while its power-ratio error

depends on the field and query hour. At twelve hours WeatherDCAE-14M retains
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more mean band energy, including clear advantages for T700 and T2m. The spectral

loss therefore improves selected coefficient alignment without calibrating small-scale

amplitude across both anchor gaps.

The IFS HRES experiments expose a second boundary. ERA5-trained corrections

transfer poorly when both anchors come from a forecast trajectory. A coefficient adapter

gives only a 0.114% aggregate gain, whereas full-weight adaptation across the deployed

forecast-lead range gives 7.28% on the 24-initialisation 2022 audit. That number is

retrospective because the full-range branch was designed after 2022 had been inspected.

It also combines temporal reconstruction with correction of systematic forecast error;

correlated endpoint and interior errors prevent an additive decomposition. An inde-

pendent forecast archive is therefore needed before treating 7.28% as a prospective

deployment estimate.

The physical and regional diagnostics add information that pointwise RMSE misses.

Smoothing can reduce ageostrophic or hydrostatic residuals without matching the

ERA5 balance, and four regional diurnal climatologies can expose local-time phase

errors. The regions are descriptive examples. The separate robustness audit also records

fieldwise, spectral, physical and temporal-curvature regressions. The resulting claim

concerns aggregate interpolation at held-out hours with documented local regressions.

All models are trained against ERA5, whose hourly sequence contains assimilation

increments as well as atmospheric evolution [27]. The 2021 audit changes the calendar

year while retaining the data source, and the IFS HRES experiment covers a bounded

set of forecast anchors. Native Pangu-Weather, GraphCast and other data-driven

forecast trajectories remain untested because their grids, variable sets and source-

specific errors require a separate transfer experiment. ERA5-relative accuracy may also

reproduce the spatially varying observational constraints of the reanalysis.
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The spatial conclusions apply to the stored nominal 0.5◦ grid. Evaluation uses

the actual block-average strip areas, and the spectral diagnostics apply a spherical-

harmonic transform at those coordinates. The transport trunk itself is a latitude–

longitude network with circular padding in both tensor dimensions. Periodicity is

correct in longitude but creates an artificial adjacency between the northernmost and

southernmost rows. Only the low-wavenumber SFNO correction operates in a spherical-

harmonic basis. A pole-aware trunk, such as a cubed-sphere convolutional network

[49], would require matched retraining.

WeatherBridge is a deterministic 24-field interpolator for six-hour anchor gaps; the

twelve-hour experiment tests sensitivity to a longer interval. Its evaluated scope ends

at the later anchor and covers neither predictive uncertainty, precipitation nor 0.25◦

resolution. Architecture-specific paper-scale schedules support a quality comparison,

not matched-compute or asymptotic rankings. The present checkpoint supports ret-

rospective gap filling on a finer temporal grid; warnings, aviation routing and other

safety-critical decisions lie outside its evaluated scope. Squared-error optimisation

targets a conditional mean [50]; low RMSE is therefore insufficient evidence of realis-

tic conditional variability. Evaluating a probabilistic interpolator would additionally

require a sampling protocol and proper scores such as CRPS [51].

4 Methods

All learned models receive the same anchor states, static fields and query time, but

differ in how they construct the interior state. We retain the endpoint chord explicitly so

that each network learns transport or curvature relative to a common linear reference.
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4.1 Problem formulation

Let x0, xT ∈ R
C×H×W denote the two anchor states with C=24 channels and

(H,W )=(360, 720). With t = τ/∆ ∈ (0, 1), the additive encoder–decoder baselines use

x̂τ = (1− t)x0 + txT⏞ ⏟⏟ ⏞
xlin

+tanh(α) vθ(x0, xT , t, S), (1)

where ∆ ∈ {6, 12}h and the static-feature stack S contains the land-sea mask, nor-

malised surface orography and the pinned cosine-latitude channel described in Sec. 4.4.

The residual scale is initialised at 0.10, is scalar in WeatherDCAE and channelwise

in PixelAttn-VFI, and has no post-activation floor. WeatherBridge uses the distinct

transport-and-fusion path below; its residual gain is also channelwise and initialised at

0.10. All three retain xlin as an explicit fallback. This separates the known endpoint

chord from the temporal curvature and transported sub-anchor structure that must be

learned.

4.2 Architectures evaluated

We evaluate the learned architecture families at 0.5◦ resolution with common anchor

states, targets, query hours and scoring code. The main 6 h comparison uses six training

years for every learned model, including WeatherDCAE-14M. The 12 h interval-length

ablation uses the common three-year data protocol defined in Sec. 2.4. Learning rates,

training years and update budgets are listed in Supplementary Table S16; architecture

settings are in Supplementary Table S17.

Linear interpolation is the closed-form, zero-parameter reference and the fallback

state used by the learned synthesis paths.
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SwinV2.

The compact patch-token baseline concatenates the anchors and static fields into

[x0, xT , S]. A 4 × 4 stride-four convolution produces 256-dimensional tokens. Eight

SwinV2 blocks [46], arranged as four windowed/shifted-window pairs, use eight atten-

tion heads, a 5× 9 latitude–longitude window, an MLP expansion ratio of four and

stochastic depth increasing from zero to 0.1. A 128-component sinusoidal encoding

of t is projected to featurewise scale and shift after every block. LayerNorm, a 1× 1

projection, PixelShuffle and bilinear resizing return a 24-channel residual, which is

multiplied by a learned scalar before addition to xlin. The model borrows the SwinV2

block family used by FuXi [3], but not FuXi’s cascade or full U-Transformer. The

shifted-window hierarchy follows Swin [52]; the time-dependent scale and shift use

featurewise conditioning [53].

ModAFNO and S-DYff.

ModAFNO [20, 54] uses a compact 36.9M implementation at 6 h and the 151.7M

official physicsnemo configuration at 12 h; Supplementary Table S17 records both.

The Fourier-operator lineage runs from FNO [55] to AFNO and its query-conditioned

modulation. S-DYff is our interpolation-specific adaptation of DYffusion [21], using

Spherical FNO [47] backbones. An interpolator supplies the initial state; a second

network refines it for K=5 passes at the requested hour. This fixed-query refiner

replaces the original forecaster and its diffusion-time schedule; it is not the published

Spherical DYffusion climate emulator [23].

Neither DYffusion nor ModAFNO was validated here by reproducing the original

paper’s scores on its original data with an author checkpoint. Both were trained for the

present field set and query protocol. Using the official ModAFNO configuration at 12 h

establishes implementation provenance, not numerical reproduction of the published

benchmark.
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The original model rows use one checkpoint and one output per input, with no

averaging across checkpoints, random seeds or stochastic draws. ModAFNO and the

four direct/transport models run in evaluation mode without sampling. S-DYff also runs

in evaluation mode, which disables ordinary dropout, but its custom stochastic-depth

operation remains active with drop probability 0.1. Its row therefore measures a single

stochastic reconstruction, not an ensemble mean. Stochastic depth [56] and Monte Carlo

dropout [57] are distinct inference mechanisms. Original DYffusion evaluates ensemble-

mean error and probabilistic scores; we do not reproduce that sampling protocol or

report CRPS. The S-DYff ranking concerns this adaptation, not DYffusion’s ensemble

skill. The additional S-DYff-ENS curves average N = 21 stochastic reconstructions

from the same checkpoint before computing RMSE and ACC. They retain the same

stochastic-depth sampler, with ordinary dropout disabled; no model is retrained. S-

DYff denotes the original N = 1 result throughout. To isolate the averaging effect, a

separate paired comparison uses nested prefixes of N = 1, 4, 16, 21 draws from one

sampling stream. Its N = 1 control is a fresh draw, not the archived S-DYff result.

Seven-day block-bootstrap intervals quantify evaluation-date variability conditional on

that sampling seed.

PixelAttn-VFI.

The two endpoints remain separate until the bottleneck. A shared encoder processes

[x0, S] and [xT , S] through four scales with 72, 144, 288 and 576 channels; each scale

uses two 3× 3 convolution–GroupNorm–SiLU blocks, and the final three scales begin

with stride-two downsampling. The deepest endpoint maps are flattened, concatenated

and updated by eight-head self-attention [58]. Their two token sequences are then

averaged and reshaped. A 128-component time embedding supplies a zero-initialised

adaptive gate, following the conditioning idea in DiT [59], at this bottleneck. Three

decoder stages apply a 4× 4 stride-two transposed convolution, concatenate the mean

endpoint features at the corresponding scale and apply the same two-convolution

24



1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150

block. A zero-initialised head predicts 24 residual channels with learned channelwise

gains. The model tests feature-level endpoint interaction without a displacement field,

correlation pyramid or warping operator.

WeatherDCAE-14M.

The direct-synthesis reference encodes [x0, xT , S] through three 64/128/256-channel

stages with three blocks per stage. The first two stages use residual convolutions [60];

the deepest uses three EfficientViT blocks [61] with multiscale linear attention, kernel

scale five and 32-channel heads. PixelUnshuffle performs downsampling and a pole-

aware projection produces a 256-channel latent. Longitude is padded periodically;

samples crossing a pole are reflected in latitude and shifted by half the longitude span.

Eight latitude rows are replicate-padded before the encoder to make the reported

0.5◦ checkpoint shape-compatible. The decoder uses two PixelShuffle stages and pole-

aware residual blocks, but no cross-scale encoder–decoder skips. A final convolution

predicts a 24-channel residual scaled by one learned scalar. This boundary operator is

an equirectangular convention, not a rotationally equivariant spherical convolution.

Supplementary Fig. S13 traces these three comparator implementations from their

common inputs to the residual output.

WeatherBridge.

The proposed transport-aware model uses t = τ/∆ as query time normalised by the

anchor interval. Its input is [x0, xT , xT − x0, S], where S contains land–sea mask,

orography and the pinned cosine-latitude feature. A sinusoidal embedding followed by a

256-dimensional multilayer perceptron conditions both the AdaLN-Zero bottleneck and

the three decoder skip connections. The cross-scale encoder–decoder connections follow

the U-Net pattern [62]. The shared block B(cin, cout, s) applies a 3×3 convolution with

stride s and the checkpoint’s circular padding in both tensor dimensions, followed by

GroupNorm [63] and SiLU; a second 3× 3 convolution uses stride one. The longitude
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wrap is physical, whereas the resulting adjacency between the northernmost and

southernmost rows is an implementation artefact. For decoder level i, u is the upsampled

decoder feature and Ei is the encoder feature at the same resolution. The block labelled

“Skip connection” in Supplementary Fig. S14 computes u+ tanh(gi(t))⊙ P3×3[u,Ei]

before applying B. Thus the short label refers to a query-time-gated skip rather than

a plain U-Net concatenation. Here brackets denote channel concatenation, P3×3 is a

learned convolution followed by GroupNorm and SiLU, and gi(t) is a channelwise gate

obtained by a SiLU–linear projection of the time embedding. The symbol ⊙ denotes

elementwise multiplication.

Motion and anchor blending. The decoder produces h
(0)
t at 360× 720 and h

(1)
t at

180 × 360, with 72 and 144 feature channels, respectively. Φmot and Φα denote two

separate learned 3× 3 convolutions applied to h
(0)
t . The motion head has eight outputs,

arranged as four two-component maps: (F0, FT , A0, AT ) = 8 tanh(Φmot(h
(0)
t )). F0, FT

are first-order displacement coefficients and A0, AT are second-order coefficients, all in

grid-pixel units for normalised time t. They are shared across weather channels and are

not estimates of physical wind or material acceleration. The blend head has 24 outputs

and gives αt = σ(Φα(h
(0)
t ) + 1− 2t), where σ is the logistic sigmoid. Each channel and

grid point therefore has its own weight for the two warped anchors. The offset 1− 2t

favours the nearer anchor before learning modifies the blend.

Additive reconstruction. Two further 3× 3 convolutions map h
(0)
t and h

(1)
t to 24-

channel fields ∆fine
t and ∆coarse

t . The operator up bilinearly resizes the coarse field to

360× 720. The fine branch can change local amplitudes and shapes that displacement

alone cannot reconstruct; the coarse branch predicts corrections with a wider spatial

context. Both outputs are in normalised weather-field units, not displacement units.

The third contribution, GSFNO
t , comes from a spherical Fourier neural operator branch

[47] applied to h
(0)
t . A 1×1 projection reduces its width to 20 channels; learned complex

weights mix channels over the retained spherical-harmonic modes (ℓ,m < 20). The
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inverse transform is added to the projected features, followed by GELU and a 1× 1

projection to 24 fields. This gives the residual global spatial context. Only its spectral

operation is low-wavenumber: the local path and nonlinearity mean that the output

need not be strictly band-limited. All three output projections are zero-initialised.

Their sum is ∆t; these are architectural corrections, not additional loss terms.

The two anchors are warped and combined with these corrections as follows:

d0(t) = F0(t)t+
1
2A0(t)t

2, dT (t) = FT (t)(1− t) + 1
2AT (t)(1− t)2,

W0 = W(x0, d0), WT = W(xT , dT ),

xlin = (1− t)x0 + txT ,

xtr = αt ⊙W0 + (1− αt)⊙WT ,

∆t = ∆fine
t + up(∆coarse

t ) +GSFNO
t ,

xmix = β ⊙ xtr + (1− β)⊙ xlin,

xpre = xmix + tanh(γ)⊙∆t,

x̂t = xpre + IZ,MSLP HT (xpre),

(2)

where W is differentiable bilinear warping [64] on the lat–lon grid, β = σ(b) is a learned

per-channel gate between transport and the linear scaffold, γ is the learned per-channel

residual gain. Unlike the spatially varying αt, β and γ are learned vectors with one

value per weather channel. xtr is the transported-anchor blend, xmix also includes the

unwarped linear estimate, and xpre adds the scaled residual.

Temperature-column correction. HT is a zero-initialised 1×1 convolution that reads

the four predicted temperature channels of xpre at 1000, 925, 850 and 700 hPa and

outputs five corrections. IZ,MSLP inserts them into geopotential at those levels and

MSLP, leaving the other 19 channels unchanged. In Supplementary Fig. S14, ∆hydro

denotes this 24-channel insertion, including its zero entries. The head is motivated by

the relation between temperature and geopotential thickness. It learns a local column
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adjustment; it does not integrate the hydrostatic equation or enforce an exact balance.

The linear scaffold remains an explicit fallback while the model separately represents

displacement, additive field changes and temperature–mass-field coupling. The trunk

is a latitude–longitude convolutional network. We account for spherical geometry

in evaluation through strip-area weights and spherical-harmonic diagnostics. Within

the network, the spectral operation in the SFNO branch uses a spherical-harmonic

basis. The convolutional encoder processes the anchors and static fields without time

modulation. Conditioning enters at the AdaLN-Zero bottleneck and the decoder skip

gates, making Fi(t) and Ai(t) query-specific coefficients. Each query receives its own

second-order displacement; these coefficients describe separate query states rather than

a parcel trajectory through all interior times.

WeatherDCAE-14M and WeatherBridge differ in both backbone and synthesis path;

their comparison is architectural rather than a single-component ablation.

Retrained architecture variants.

Refine uses shared field controls, a 16-token area-weighted latent transformer and two

decoder blocks per level, and omits the temperature-conditioned mass-field head. It

has 13.7 million parameters and is trained from scratch. Several mechanisms change

together, so this comparison does not isolate one component. Detail adds an anchor-

detail bypass to the WeatherBridge trunk. The same flows and blend gate transport

the finest pole-aware local multiband component of each anchor. A t-conditioned gain

reinjects the difference between this transported detail and the model’s own detail. The

gain is initialised at zero, bounded to ±0.5 and multiplied by 4t(1− t), where t = τ/∆;

Detail initially reproduces its parent. Supplementary Table S9 reports the retrained

variants. The separate same-checkpoint lesions disable acceleration, warped-anchor

transport or the hydrostatic head without retraining.
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4.3 Training objective

The 14M-scale models minimise latitude-weighted pixel ℓ1 error,

Lpix =
1

BCHW

∑

b,c,i,j

wi |x̂bcij − xbcij | ,

wi =
H cos(ϕ̃i)∑H

k=1 cos(ϕ̃k)
.

Here ϕ̃i denotes the legacy symmetric training rows 89.75◦, . . . ,−89.75◦. Thus
∑

i wi =

H, and the displayed normalisation is exactly the tensor reduction implemented by

the training code. The evaluated WeatherBridge run uses unit channel and query-time

weights. This training convention records how the checkpoint was fitted. All reported

evaluation reductions use the block-average coordinates in Sec. 4.4. The internal SFNO

branch likewise uses the checkpointed torch-harmonics equiangular operator [47] on

the stored tensor rows; it is a learned low-mode feature operator and is distinct from

the double-precision diagnostic SHT. WeatherBridge adds two explicitly separated

spectral terms:

LWeatherBridge = Lpix + 0.05LHP + 0.02Ladv
FFT.

Here LHP is a phase-sensitive 3 × 3 local high-pass ℓ1 loss with periodic-longitude

and replicated-latitude padding. Ladv
FFT compares magnitudes of the planar fast Fourier

transform (FFT) for the advected-channel mask. The training objective targets planar

local detail and FFT amplitude, whereas the spherical-harmonic evaluation band ℓ ∈

[80, 180] is assessed independently. The spherical-harmonic-transform (SHT) diagnostic

is computed independently after training. All 24 channels are scored; the FFT term is

restricted to the declared advected-channel mask. WeatherDCAE-14M and PixelAttn-

VFI use Lpix alone. These 14M-scale runs use AdamW [65] with default moment

coefficients, weight decay 10−4, a 500-update linear warm-up followed by cosine decay,

and gradient clipping at ∥g∥2 = 1.0.
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SwinV2, ModAFNO, and S-DYff use a common forecasting-style baseline recipe.

Their objective combines three terms: L = Lrecon + λancLanchor + λunitLunit, where

Lrecon is a lat-weighted pixel-wise smooth-ℓ1 (Huber) loss with β=0.02 and Aurora-

style channel weights [4]. At 1000/925/850/700 hPa these weights are T: 1/1/1/1, U

and V: 0.5/0.7/0.9/1.2, Q: 1.5/1.3/1.0/0.6, and Z: 1.0/0.8/0.5/0.3; the surface weights

are 3.0/0.77/0.66/1.5 for T2m/U10/V10/MSLP. Smooth-ℓ1 is quadratic for |r| < β

and linear in the tails. Lanchor penalises drift at τ=0,∆ (λanc=0.5, applied every four

mini-batches). The residual branch predicts a correction vθ to the linear interpolation

xlin. In SwinV2 and ModAFNO, the principal reconstruction loss scores xlin + g ⊙ vθ,

where g is the learned residual gain. Auxiliary unit-gain reconstruction evaluates the

same correction with unit residual gain:

Lunit = Lrecon(xlin + vθ, xτ ), λunit = 1.0.

It directly supervises the unscaled correction, even when g is small. For S-DYff, vθ

is the interpolator output before gain scaling, whereas the principal reconstruction

loss scores the refined prediction. The forward pass separately preserves the sign of

the learned gain and clamps its magnitude to at least 0.05. WeatherBridge also uses a

linear interpolation and a residual branch, but trains that branch through the losses on

its final output listed above; it does not use this auxiliary unit-gain reconstruction loss.

Neither WeatherDCAE-14M nor PixelAttn-VFI uses Lunit. SwinV2, ModAFNO, and

S-DYff use AdamW (β = (0.9, 0.95), weight decay 10−5), cosine learning-rate decay,

a three-epoch warm-up, and gradient clipping at ∥g∥2 = 0.6. Peak LR is 10−4 for

every predicted channel and query hour in WeatherBridge, WeatherDCAE, SwinV2,

ModAFNO, S-DYff, and PixelAttn-VFI. The 12 h held-out query-hour variants keep

the same rate. Full budgets for the reported checkpoints are listed in Supplementary

Table S16.
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4.4 Data and evaluation protocol

We use ERA5 [16] through WeatherBench-2 [15]. The native 0.25◦ array (721×1440)

is reduced to a nominal 0.5◦, 360×720 array by averaging adjacent 2×2 samples

after dropping the final −90◦ row. Consequently, the stored row midpoints are

89.875◦, . . . ,−89.625◦ and the longitude midpoints are 0.125◦, . . . , 359.625◦, differing

from the previously assumed symmetric half-cell grid. The main comparison scores 24

prognostic channels: 20 pressure-level fields (T, U, V, Q, Z at 1000/925/850/700 hPa)

and four surface fields (T2m, U10, V10, MSLP). Every reported model uses this chan-

nel set for both anchor inputs and scored outputs. The chosen levels span the lower

troposphere, from 1000–925 hPa near the surface to 850–700 hPa in the lower free

troposphere. This scope keeps the global six-model benchmark tractable and limits

its claims to lower-tropospheric interpolation. For the 6 h evaluation, train years are

2014–2019 (26,274 window–query training examples under the sparse-τ sampler), with

training at τ ∈ {1, 3, 5} and evaluation at all five interior hours. The 12 h evaluation

uses the 2017–2019 held-out query-hour protocol in Sec. 2.4. Calendar year 2020 sup-

plies validation, architecture selection and the dense comparison (1463 windows per

interior hour for 6 h); 2021 supplies the temporal-transfer audit. For the 2022 calendar

check, we chose four dates per month (days 1, 8, 15 and 22), one 00 UTC anchor

and 48 disjoint windows before generating predictions or inspecting target-derived

scores. The full-year six-hour index contains anchor starts at 00, 06, 12 and 18 UTC.

ERA5 uses 4D-Var windows from 09–21 and 21–09 UTC [66], so the 06 and 18 UTC

pairs cross a window boundary, while the 00 and 12 UTC pairs remain within one

window. We report these four strata separately in Supplementary Table S6. All runs

read the same released per-channel normalisation files. Project records associate them

with the 1990–2019 WeatherBench-2 ERA5 climatology at 00, 06, 12 and 18 UTC,

cosine-latitude spatial weighting and a factor 1.3 on climatological standard deviations;

the original generator was not retained.
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An independent reconstruction matched pressure-level means to a maximum relative

difference of 2.46× 10−7, but was not bit-exact. Its largest relative standard-deviation

difference was 2.31× 10−5 (T925), and the rounded MSLP standard deviation differed

by 0.3 Pa. We therefore publish the original files and channel order as the canonical

scale. Baselines using channel reweighting apply the Aurora-style loss weights [4].

The static-feature artifact was generated before this coordinate audit and is kept

unchanged to preserve the inputs used by every checkpoint. Its third channel is cos ϕ̃

on the legacy symmetric rows ϕ̃ = 89.75◦, . . . ,−89.75◦, a uniform −0.125◦ offset from

the block-average row centres. The maximum absolute difference from cosine latitude

evaluated at the field centres is 2.18× 10−3. All area weights, ACC reductions, physical

diagnostics and spherical-harmonic transforms use the actual block-average coordinates

above.

The paper-reported runs use A100-80GB GPUs; Supplementary Table S16 lists

the epoch and update budgets. We report per-channel latitude-area-weighted RMSE

normalised by the training standard deviation, ACC against the WeatherBench-2 1990–

2019 hourly climatology, and spherical-harmonic diagnostics. All reductions use the

actual block-average coordinates above. The climatology is block-averaged from the

same native-row pairs as ERA5. The release includes its coordinates, source metadata

and conversion code.

The displayed ACC pools anomaly cross-products and norms over all windows and

grid cells for each field and hour. Paired tests instead compute spatial ACC per window

and field before averaging over hours, which preserves the calendar-block sampling

unit. The pooled curve and paired test therefore use different estimators and have

different sampling intervals.

The spectral diagnostic uses a double-precision real SHT evaluated at the block-

average rows with spherical strip-area weights. Standardised fields are multiplied by

their training standard deviations, without restoring the constant mean, before scalar
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and vector transforms. We retain ℓ ∈ [80, 180], or angular wavelengths of approximately

2.0◦–4.5◦, to test smoothing near the resolved small scales. Kinetic-energy spectra

are also used to assess the effective resolution of numerical weather models [67]. This

band is not fitted to the atmospheric regimes reported from observations [68, 69].

The diagnostics separate band energy, energy-normalised spectral shape, magnitude-

squared coherence and signed normalised cospectrum; the vector SHT further separates

spheroidal and toroidal wind energy. Every valid 2020 anchor day is sampled at two

UTC times. Intervals use B=10,000 paired draws over calendar-week bins, with Holm–

Bonferroni correction over all query hours and channels within each scalar or vector

metric family. Strip areas are bounded by row midpoints and the poles. We restore

negative longitudinal modes, clip energy ratios to [10−8, 108] before computing log

error, and floor energy-normalised shapes at 10−12.

Calendar-transfer sample and robustness audit.

After development on 2020 and inspection of the 2021 transfer year, we froze the

candidate checkpoints and a 48-window 2022 ERA5 index before generating predictions

on that index. We report aggregate and held-out RMSE with paired seven-day block

intervals. A separate internal robustness rule asked the more conservative question

of whether any fieldwise RMSE, hard-window, ACC, spectral, physical or temporal-

curvature regression could be detected after familywise correction. It also checked

three paired IFS HRES seeds. Section 4.8 defines the rule; Supplementary Table S7

and Supplementary Data 1 report its outcomes. HRES fields use the same 2× 2 block

average as ERA5, with source, coordinate and missing-value provenance stored in each

artifact.

Low-cost forecast-anchor adaptation.

The raw forecast-anchor results motivate a coefficient correction for the ERA5-trained

interpolator. We keep WeatherBridge fixed and write its prediction as Mτ,c and the
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analytic interpolation as Lτ,c. The adapted output is

x̂τ,c = Lτ,c + sr [gτ,c(Mτ,c − Lτ,c) + bτ,cσc] , (3)

where c indexes fields, σc is the ERA5 training standard deviation, and sr is a scalar

for the HRES lead range r. The constrained gτ,c ∈ [0, 1] and bτ,c ∈ [−0.25, 0.25] are

computed directly from streaming second moments. Six initialisations from 2017–2019

fit the coefficients at τ ∈ {1, 3, 5}; held hours are linearly interpolated in query time.

Two 2020 initialisations select global shrinkage and the lead-range scales. A correction

is disabled when its validation RMSE gain is below 0.1%.

On the declared 2021 development split, all remaining field–hour regressions were

confined to τ ∈ {1, 5} and were below 0.01%. We therefore selected exact Linear output

at those two query hours before opening 2022. The same guard selected exact Linear

for HRES leads 120–240 h; the learned correction is used only at τ ∈ {2, 3, 4} for

leads below 120 h. The JSON adapter stores 240 field–hour coefficients, of which 144

remain active, and three lead scales in 27 kB. At inference the guarded branches bypass

the neural model, reducing the number of network query evaluations by 70% on the

lead grid. The 2022 test uses 16 prespecified initialisations with unchanged adapter

parameters. This adapter belongs to the primary 6 h task; the 12 h interval-length

ablation excludes it.

Full-weight HRES adaptation.

We also update every WeatherBridge parameter using IFS HRES anchor pairs and

ERA5 at the interior valid time. Optimisation uses 108 forecast trajectories initialised

in 2017–2019 at query hours 1, 3 and 5. Twenty-four 2020 trajectories and all five

interior hours select the checkpoint. The full-range run samples left-anchor leads from

0 to 216 h on a 24 h grid, trains for eight epochs with AdamW at peak learning rate

10−5, and retains the ERA5 high-pass and advected-spectrum losses. The 2022 audit
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uses 24 initialisations on the fifth and nineteenth day of each month, left-anchor leads

{0, 24, 48, 72, 96} h and targets through 102 h. These dates predate the full-range run,

but 2022 had already been inspected during HRES development. We therefore treat

the result as retrospective. The public WeatherBench-2 HRES archive ends in 2022, so

confirmation requires a later operational archive or an independently sourced forecast

trajectory.

4.5 Implementation and compute

Runs use PyTorch 2.5.1, CUDA 12.4, PyTorch Lightning 2.6.1 and

torch-harmonics 0.7.3 with mixed precision. The 12 h ModAFNO follows the official

physicsnemo reference; the compact 6 h variant uses our implementation. Training

and evaluation use two NVIDIA A100-80GB SXM4 GPUs and a 486 GiB host-memory

allocation. Supplementary Tables S16 and S17 report the per-model training budgets,

parameter counts and architecture settings.

Inference latency is the median of seven CUDA-event repeats, each containing 20

bfloat16 forward passes after five warm-ups, on one A100-80GB at batch size one

and 24× 360× 720 resolution. The benchmark uses random-input seed 2027, cycles

t ∈ {0.25, 0.50, 0.75} and compares every candidate with the fastest model measured

in the same process.

4.6 Physical-consistency diagnostics

A full-year per-window diagnostic suite complements the smaller balance table in

Results. It contains normalised MSE for horizontal wind divergence, relative vorticity

and kinetic energy; MSE between predicted and ERA5 hydrostatic residuals; area-

weighted negative specific-humidity fraction; absolute relative global MSLP bias;

and absolute relative lower-tropospheric moisture bias. Divergence and vorticity use

spherical finite differences and exclude latitudes poleward of 75◦; all other reductions

use the declared strip areas. Every quantity is non-negative and lower is better. These
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values are stored for each full-year evaluation window and compared with paired

seven-day blocks.

The smaller balance audit uses uniformly spaced windows and measures two residual

magnitudes; the robustness audit evaluates all seven physical diagnostics. Geostrophic

wind is derived from the horizontal geopotential gradient at 850 and 700 hPa using

centred spherical finite differences. We then compute the latitude-weighted RMSE of

the ageostrophic residual over 15◦–70◦ absolute latitude. Hydrostatic consistency is

measured on the adjacent 1000/925/850/700 hPa layers using ∆Z +RdTv∆ ln p, where

Tv = T (1 + 0.61q), and is normalised by the ERA5 residual from the same windows.

Both diagnostics use the declared spherical strip areas of the stored block-average grid.

These diagnostics are evaluated for both 6 h and 12 h anchor spacings at every interior

query hour. We select 180 start times uniformly from the 2020 48-hour candidate grid

and reuse the exact index for every model within a horizon. None of these quantities

enters the training loss.

4.7 Diurnal-cycle diagnostic

We reconstruct hourly T2m, U10 and V10 sequences to test regional timing and

amplitude independently of global RMSE. Diurnal amplitude and peak hour are

evaluated in predefined 5◦ boxes over the Sahel, Amazon, Congo and south-eastern

Australia. The diagnostic reports amplitude bias and circular peak-time error relative to

ERA5 for all four compared methods. We average each error equally over four regions,

12 calendar months and three surface fields, giving 144 strata per model and horizon.

The amplitude statistic is |Arecon/AERA5 − 1|; peak-time error is min(|∆h|, 24− |∆h|).

4.8 Reproducibility and statistical analysis

Linear interpolation and learned models use identical anchor pairs. In the principal

architecture comparison, 95% intervals for aggregate RMSE use B=5000 paired boot-

strap draws over contiguous seven-day blocks of the common full-year index. Block
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resampling preserves local temporal dependence [70]; independent resampling of hourly

fields would disregard that dependence. Calendar splits address a separate problem:

leakage between temporally related training and evaluation data [71]. Pairing is retained

within each draw, and the channel set and all query hours remain grouped with their

anchor block. The full-year tests contain 53 calendar-week blocks. Sparse hard-window

subsets retain 19–30 non-empty blocks, with the exact n blocks deposited for each

comparison; draws lacking any requested query hour are discarded and redrawn; the

output artifact records the number discarded.

The six-hour full-query control uses the same 2014–2019 training pool, anchor

construction, 24 fields and full-year 2020/2021 evaluation windows as the sparse-query

runs. For WeatherBridge, seed, optimiser-step budget, effective batch size, precision and

loss weights are matched; the training query set changes from {1, 3, 5} to {1, 2, 3, 4, 5}

h. Its paired sparse-minus-full RMSE intervals use 5,000 day-block bootstrap draws,

rather than the seven-day blocks of the principal comparison. They measure evaluation-

period variability for one matched training seed. The other architectures have unequal

or incompletely documented seeds or update budgets (Supplementary Table S4) and

are reported as diagnostic comparisons.

Mixed-precision kernels and cuDNN operations prevent bit-exact reproduction.

The intervals quantify test-period sampling variability. Training sensitivity is reported

through three paired seed-to-seed forecast-anchor comparisons, which provide paired

effects rather than a distributional seed-level interval.

Supplementary Data 1 gives the observed effect, 95% interval and block-swap per-

mutation p value for every inferential comparison in the robustness audit. Aggregate

tests are two-sided; cellwise improvement and regression tests are one-sided. The sig-

nificance threshold is α = 0.05 after correction within each family. Cellwise families

retain both raw and Holm–Bonferroni-adjusted values [72], together with effect direc-

tions. Raw Monte Carlo p values use the plus-one estimator (r + 1)/(B + 1). Values at
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1/(B + 1) mean that no resampled statistic was as extreme as the observation; they

are marked p censored=true instead of being printed as exact tail probabilities. The

study was not preregistered.

Field–hour RMSE, upper-5%-hard-window RMSE and ACC each form a separate

family of 24(∆− 1) tests for each candidate, horizon and year, with ∆ expressed in

hours. Temporal curvature forms a 24-field family; physical tests are corrected across

the named diagnostics; each scalar and vector spectral metric is corrected across its

query-hour–field grid. The 2020 and 2021 families are kept separate. The internal

robustness sensitivity rejects a candidate with any Holm-significant regression in these

families against WeatherDCAE-14M. It also requires at most 15 million parameters,

latency no greater than 1.25 times the fastest candidate, non-increasing aggregate and

held-out RMSE, and paired IFS HRES improvement in at least two of three seeds

with a non-positive mean change. This rule was fixed after development on 2020 and

inspection of 2021. Supplementary Information reports its outcomes separately from

the primary aggregate comparison. This familywise accounting avoids interpreting

isolated significant field–hour cells as independent confirmations [73].

4.9 Use of generative AI

Generative AI tools assisted with language editing and translation, manuscript revision,

and preparation of code and figure layouts. Weather fields and reported metrics

come from the datasets and model evaluations described in Methods. The authors

are responsible for the code, analyses, figures, references and conclusions in the final

manuscript.
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Data availability. ERA5 is available from the Copernicus Climate Data Store

(https://cds.climate.copernicus.eu/). The hourly ERA5 source used here is the public

WeatherBench-2 Zarr store at gs://weatherbench2/datasets/era5/1959-2023 01 10-

full 37-1h-0p25deg-chunk-1.zarr; its metadata can be opened without a Google

account at https://storage.googleapis.com/weatherbench2/datasets/era5/1959-2023

01 10-full 37-1h-0p25deg-chunk-1.zarr/.zmetadata. The IFS HRES audit uses gs:

//weatherbench2/datasets/hres/2016-2022-0012-1440x721.zarr, with public meta-

data at https://storage.googleapis.com/weatherbench2/datasets/hres/2016-2022-0012-

1440x721.zarr/.zmetadata. The data chunks are available without a Google account

under the same store prefixes; access instructions are in the WeatherBench-2 data guide

(https://weatherbench2.readthedocs.io/en/latest/data-guide.html). Methods specifies

the 0.5◦ product, splits, normalisation and channel set. Supplementary Data 1 reports

paired effects, intervals and p values. Supplementary Data 2 contains the prespecified

2022 WeatherBridge assessment together with the evaluation index and model manifest

it was computed from.

Code availability. Source code, experiment configurations, figure-generation

scripts and seven trained checkpoints are available at https://github.com/dsuhoi/

weatherbridge (version 1.0.1, https://github.com/dsuhoi/weatherbridge/tree/v1.0.1).

The versioned snapshot includes metric summaries, normalisation, static fields and an

example ERA5 window; weights are distributed through Git LFS. It provides Weath-

erBridge at 6 h and 12 h intervals and the five learned 6 h comparators. Other 12 h

comparator, full-query control and HRES-adapted checkpoints are not included. Full-

year inference requires the external datasets described above; redrawing figures from

stored scores does not rerun inference.

Funding. This study received no funding.
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