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Abstract. Data-driven weather models have emerged to address the immense computational costs of traditional numerical
weather prediction by generating highly accurate, global forecasts in seconds. While Transformer-based architectures have
achieved higher accuracy than numerical weather predictions, their existing position encodings typically embed limited
spatial and temporal context, failing to fully account for the time variability, directionality, and location-dependency inherent
in atmospheric motions. To resolve this, we introduce a novel model, Neighborhood Attention Transformer for atmospheric
prediction (AtmoNAT). We propose two unique architectural components: a Gated Relative Position Encoding (GRPE) and
a Spatial-Aware Feed-Forward Network (SAFN). The GRPE maintains independent positional biases based on absolute
coordinates to secure location-dependency with a negligible increase in model size, while effectively capturing the
directionality and temporal variations of the atmosphere. Simultaneously, the SAFN incorporates parallel input and gating
branches, alongside a global positional bias, to explicitly simulate non-local interactions between atmospheric variables and
integrate terrain effects. Evaluated on the WeatherBench 2 data at a 1.5° spatial resolution, AtmoNAT’s deterministic
forecasts demonstrate lower prediction errors on key variables up to a 72-hour lead time when compared to other coarse-
resolution ensemble forecasts. Furthermore, AtmoNAT achieves state-of-the-art forecasting performance over global land

areas, highlighting the profound potential of GRPE and SAFN in advancing next-generation weather forecasting.

1 Introduction

Weather forecasting is essential for saving lives and supporting emergency management during extreme events like
hurricanes, while also mitigating economic losses in sectors like agriculture and transport. Numerical weather prediction
works by treating the prediction as an initial value problem, pinning down current conditions through data assimilation and

then integrating nonlinear partial differential equations across a global grid of enormous points (Bauer et al., 2015).
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Numerical weather prediction is considered to have a high degree of accuracy up to approximately 7 days (Haiden et al.,

2025). However, its wide range accessibility is limited by immense computational costs.

To address the immense computational costs, data-driven weather models have emerged, training deep neural network to
learn atmospheric patterns directly from decades of historical reanalysis data (Bi et al., 2023; Bodnar et al., 2025; Chen et al.,
2023; Chen et al., 2025; Couairon et al., 2024; Du et al., 2025; Esteves et al., 2023; Keisler, 2022; Lam et al., 2023; Nguyen
et al., 2024; Niu et al., 2025). These models can yield global forecasts in seconds, orders of magnitude faster than numerical

weather prediction, while demonstrating comparable statistical accuracy in medium-range forecasts (Rasp et al., 2024).

Over the past decade, the Transformer (Vaswani et al., 2017) has become the dominant architecture, enabling models to
learn long-range dependencies. The performance also scales predictably with model size (Kaplan et al., 2020). Most data-
driven weather models utilize Transformers and have achieved state-of-the-art accuracy (Bi et al., 2023; Bodnar et al., 2025;
Chen et al., 2023; Chen et al., 2025; Couairon et al., 2024; Du et al., 2025; Nguyen et al., 2024; Niu et al., 2025). Because
self-attention processes all tokens in parallel, Transformers must rely on position encodings to retain spatial information.
Models like FuXi, Fengwu, and Stormer (Chen et al., 2023; Chen et al., 2025; Nguyen et al., 2024) employ the vanilla
position encodings of the Swin Transformer (Liu et al., 2021) and Vision Transformer (Dosovitskiy et al., 2020). Aurora
(Bodnar et al., 2025) applies additive encodings for patch position of latitude and longitude, patch area, and absolute time.

Similarly, Baguan (Niu et al., 2025) incorporates lead time and position encodings into its tokens.

However, these approaches largely adopt standard computer vision solutions of position bias or embed only limited spatial
and temporal context, failing to fully account for the time variability, directionality, and location-dependency of atmospheric
motions. Alternatively, Pangu-Weather (Bi et al., 2023) utilizes a 3D Transformer block with the Earth-Specific Positional
Bias (ESPB), which adds a positional bias to each token based on its absolute coordinates to accommodate the atmosphere's
spherical geometry and vertical stratification. Yet, To et al. (2024) find that the ESPB can be replaced with a relative
positional bias without any degradation on validation loss, reducing the model size by nearly 40%. ESPB is an inefficient
method for characterizing the location-dependency of atmospheric motions and does not contribute significantly to Pangu-
Weather’s performance. In summary, there remains a critical need for efficient position encodings tailored for atmospheric

motions to further enhance performance of data-driven weather models.

In this work, we introduce Neighborhood Attention Transformer (Hassani et al., 2023) for Atmospheric prediction
(AtmoNAT). Neighborhood attention bridges the gap between the powerful modeling capabilities of Transformers and the
efficient, localized characteristics of convolutional neural networks. It significantly reduces the computational complexity of
standard Transformer blocks and has already been successfully applied to data-driven weather forecasting (e.g., Du et al.,

2025; Pathak et al., 2026). We propose a Gated Relative Position Encoding (GRPE) for neighborhood attention. The design

2



65

70

75

80

85

90

95

https://doi.org/10.5194/egusphere-2026-1990
Preprint. Discussion started: 14 April 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

of GRPE explicitly accounts for the time variability, directionality, and location-dependency of atmospheric motions. GRPE
can evolve with time to adapt to the dynamical features of atmosphere. GRPE is a linear combination of learnable prototypes,
which gives sufficient flexibility to align with the direction of local atmospheric motions. GRPE also maintains independent
positional biases based on absolute coordinates, similar to ESPB, but with a negligible increase in model size. Not like ESPB,
integrating GRPE into AtmoNAT yields significantly higher accuracy on WeatherBench 2 (Rasp et al., 2024) compared to

models without it.

A gating mechanism is a structural component that uses a learned "gate" to control information flow, determining how much
information is passed through, filtered out, or updated. Initially adopted in LSTMs and GRUs (Hochreiter et al., 1997,
Chung et al., 2014), gating is now widely applied across various neural networks (e.g., Munir et al., 2025; S. Yang et al.,
2024; Zamir et al., 2022). Shazeer (2020) first introduced gating mechanisms into Transformers, enhancing their expressive
power and establishing them as standard components in many open-source large language models (Grattafiori et al., 2024;
Qiu et al., 2025; A. Yang et al., 2024). Variable interactions are fundamental in atmospheric dynamics. For instance, wind
speed control the advections of water vapor. Gating mechanisms can directly simulate these interactions in feature space
through control of information flow, thereby offering a promising avenue to boost performance of data-driven weather

models. To our knowledge, gating mechanisms have not yet been explicitly applied in data-driven weather models.

We introduce a Spatial-Aware Feed-Forward Network (SAFN) to AtmoNAT. SAFN comprises two branches that facilitate
feature interactions through a gating mechanism. Furthermore, we propose a global positional bias to explicitly incorporate
terrain effects in gating mechanism. Our results demonstrate that SAFN significantly improves AtmoNAT’s weather

forecasting performance.

The remainder of this paper is organized as follows. Section 2 details the data, training procedures, and the architectural
design of AtmoNAT, specifically focusing on GRPE and SAFN. Section 3 presents an ablation study and compares
AtmoNAT’s performance with other data-driven weather models. Section 4 provides a visualization of the GRPE and SAFN
components to further understand the function of these two structures. Finally, Section 5 concludes the study and offers

perspectives for future research.

2 Methods
2.1 Data and training

AtmoNAT is trained and validated on ERAS reanalysis data (Hersbach et al., 2020). AtmoNAT predicts the evolution of
both upper-air and surface fields. The upper-air components comprise five variables across 13 pressure levels: geopotential

(Z), specific humidity (Q), temperature (T), and zonal and meridional wind speeds (U, V). Surface fields include 10-meter

3
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wind speeds (U10m, V10m), 2-meter temperature (T2m), and mean sea-level pressure (MSLP). Additionally, static
geographic inputs, are incorporated to provide spatial context, including altitude, latitude, longitude, the cosine of the solar
zenith angle, and a land-sea mask. We utilize ERAS5 data at a 1.5° spatial resolution with a 12-hour temporal resolution
(00:00 and 12:00 UTC). The dataset is chronologically partitioned into training (1979-2018; 29,200 samples), validation
(2019; 730 samples), and testing (2020; 730 samples) sets.

Implemented in PyTorch (Paszke et al., 2019), AtmoNAT optimizes a latitude- and pressure-level-weighted loss function
during the pretraining stage, defined in Eq. (1):

CA H w L Cs H w
loss = E E E wea;b | X, — XU |4 ——— E E wea; | X — xttL, 1
CAXHXWXL e@ibelXeijre = Xepjl CoxHxW ilXeij —Xeij €Y)

c=1i=1 j=1k=1 c=Cx+1i=1 j=1

where Cy, Cs, H, W, and L denote the number of upper-air variables, surface variables, and grid points in the latitudinal,
longitudinal, and vertical directions, respectively. The subscripts c, i, j, and k represent their corresponding indices. The

terms Xfl ik and X, ‘1 denote the upper-air and surface variables predicted by AtmoNAT at a 12-hour lead time (¢t + 1)

ci,j
based on current states (t), while X, CtJ{]l  and X§ J{]l are the corresponding ERAS ground truth values. The variables a; and by,
represent the latitude and pressure-level weights, respectively, both of which decrease as latitude and vertical level increase.
To account for the varying physical importance of different variables, we apply variable-specific weights (w,) following the

approach of Pangu-Weather (Bi et al., 2023).

Training utilizes the AdamW optimizer (Loshchilov et al., 2017), beginning with a 5,000-step linear warmup followed by a
cosine annealing schedule with a peak learning rate of 2x10*. We employ gradient accumulation to achieve an effective
batch size of 8. The pretraining phase spans 280,000 iterations, followed by 20,000 iterations of multi-step autoregressive
fine-tuning. Consistent with other models, AtmoNAT generates long-lead-time predictions autoregressively. During multi-
step autoregressive fine-tuning (Couairon et al., 2024; Keisler, 2022; Lam et al., 2022; Nguyen et al., 2023; Niu et al., 2025),
the model is rolled out K times, and the loss function in Eq. (1) is averaged across all K steps. During fine-tuning, the rollout
steps are progressively increased: K = 2 for the first 8,000 steps, K = 3 for the next 8,000, and K = 4 for the final 4,000 steps.

Due to GPU memory constraints, fine-tuning is capped at K = 4 (representing a 48-hour lead time).

2.2 Model architecture
2.2.1 Backbone network

Inspired by feature pyramid network (Lin et al., 2017), The architecture of AtmoNAT (Figure 1a) employs a backbone

comprising five Transformer blocks. The input data X, consists of the current time-step upper-air and surface variables
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outlined in Section 2.1, alongside static geographic inputs. The output data X, represents the predicted upper-air and surface
variables 12 hours later. In the encoder pathway, the spatial resolution of the feature maps is halved at each downsampling
block (“Down” in Figure la) while the feature dimension doubles. The decoder pathway performs the inverse operations.
Spatial downsampling is achieved using patch merging (Liu et al., 2021), whereas upsampling and feature alignment across
varying resolutions (“Up” in Figure 1a) are accomplished via frequency fusion (Figure S1; Chen et al., 2024). A multi-scale-

head block (Figure S1) fuses features from three distinct resolutions.
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(a) Architecture overview
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Figure 1: Schematic diagram of model architecture (a), Neighborhood Attention with Gated Relative Position Encoding (b), and
Spatial Aware Feed-Forward Network (c). The dimensions of matrixes at each node are shown.

Following an initial embedding layer, extracted features pass through the five Transformer blocks. Each block contains
several submodules, each of which consists of two functional components: Neighborhood Attention with GRPE (GRPE-NA)
and SAFN. For illustration, the fifth Transformer block in Figure la displays a single submodule of GRPE-NA and SAFN.
Similar to other models (Nguyen et al., 2024; Niu et al., 2025), AtmoNAT employs adaptive layer normalization to modulate
the inputs and outputs of both the GRPE-NA and SAFN within each submodule. The required scale and shift parameters are
regressed from the embeddings of the lead time and forecast initialization time. The detailed version of AtmoNAT’s
structure with time-embedding input, the structure of embedding block, and the structure of adaptive layer normalization are

illustrated in Figure S2.
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2.2.2 Neighborhood Attention with Gated Relative Position Encoding (GRPE-NA)

The GRPE-NA is detailed in Figure 1b. Given an input feature map x € RE***W (where C, H, and W denote the channel,
height, and width dimensions, respectively), a 1x1 convolution generates the query (Q), key (K), and value (V) tensors, all

preserving the spatial dimensions of x.

Following Hassani et al. (2023), neighborhood attention is computed by first defining a query vector q.., € R at spatial

location (x,y) in Q. The corresponding key and value vectors within a local N; X N; neighborhood of K and V centered at
(x,y) are denoted as Ky, xn, € RONNL and vy oy, € RENLXNL, For any point (i, ) within this neighborhood, the scaled

dot-product prod (i, j) is calculated as:
1 .
pTOd(l']) = ﬁqx,y ' kNLXNL(l'])l (2)

The attention score ay, xn, € RNLXNL at (i, ), is then derived via a SoftMax operation over the neighborhood:

exp(prod(i,j))

a @)= , 3
M Yok, Tk, exp(prod(a, b))
Finally, the neighborhood attention’s output vector at (x,y), 0y, is the weighted sum of the value vectors vy, «y,
Ny Np
Oy = Z Z an,sn, (61 * Vi en, (G 1), 4)
i=1j=1

In Figure 1b, Eq. (2) and Eq. (3) correspond to the operations in the “Natten-qgk” module, while Eq. (4) characterizes the
“Natten-av” module. Applying Eq. (2) and Eq. (3) across all H X W spatial locations yields the final attention map A €

REXWXNLXNL A is reshaped into a two-dimensional tensor A € RHW*NiNL for convenience.

To compute the GRPE (E), we define Np learnable prototypes, collectively denoted as P € RVNP*NLNL The query tensor Q is
processed through a gating function, comprising a 7x7 depth wise separable convolution, a GeLU activation (Hendrycks and

Gimpel, 2016), a 1x1 convolution, and a Tanh activation:

g = Tanh (Conde (GeLU(DWConv(Q)))), (5)

Equation (5) yields the partition variable g € RPW>*NP, The GRPE is then calculated as:
E=gxP, (6)
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The resulting E € REWXNLNL j5 added directly the attention map A. The calculations of GRPE through Eq. (5) and Eq. (6)
are illustrated by the blue arrows in Figure 1b. Consequently, the scaled dot-product in Eq. (2) is updated to incorporate this
spatial encoding:

1
prod(i,j) = ﬁqx,y ' kNL*NL(i'j) + Ex,y(i'j)' (7)

This updated product in Eq. (7) generates the final neighborhood attention output, which subsequently passes through a 1x1

convolution to produce the input features for the SAFN.

Atmospheric motions are inherently directional; for instance, substance transport follows wind direction, which is driven by
pressure gradients. To account for this directionality, the GRPE calculation must aggregate information across a large
neighborhood. Therefore, the 7x7 depth-wise separable convolution in Eq. (5) analyzes features in query tensor Q over an

extended receptive field to determine the partition variable g.

Let the GRPE and partition variable g at coordinate (x,y) be E, ,, € RNLNL and 9xy € RNP, respectively, where Gy (k) is
the k-th partition variable. If P, € RVLVL js the k-th prototype in P, Eq. (6) yields:

Np

Ex,y = Z gx,y(k) * Py, (8)
k=1

In Eq. (8), GRPE is represented as a linear combination of learnable prototypes Py, weighted by g, ,, which generalizes
across all spatial coordinates. In summary, g provides the weighting coefficients for the prototypes, independently
determining the GRPE at each location to capture the location-dependency of atmospheric motions. Furthermore, GRPE’s
reliance on @ introduces essential temporal variations, accounting for the dynamic nature of the atmosphere. The

directionality, location-dependency, and time variations of GRPE are further discussed in section 4.

2.2.3 Spatial Aware Feed-Forward Network (SAFN)

The SAFN architecture, shown in Figure 1c, consists of parallel input and gating branches. For an input feature map x €
RE*HXW "3 1x1 convolution projects the features into a 2yC-dimensional space. This projection is split evenly along the
channel dimension and processed by two parallel 3x3 depth-wise separable convolutions. This yields the input features I €

RYE*H*W and the gating features G € RYCXHXW
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The gating branch spatially modulates the information flowing from the input branch. To ensure precise spatial control, the
gating features G are multiplied element-wise by a global positional bias f € R¥*" for each channel. The product passes
through a Swish activation function (Ramachandran et al., 2017) to produce the gating coefficients. The final output O is
calculated as:

0 =10 Swish(G O p), 9)
where © denotes element-wise multiplication.

SAFN’s gating mechanism facilitates direct interaction between the input features I and gating features G, thereby
mimicking variable interactions inherent in atmospheric motions. Atmospheric interactions are fundamentally non-local. For
example, neighboring wind speeds are also strongly correlated with local substance transport. Inspired by this, the parallel
3x3 depth-wise separable convolutions extract crucial spatial context to model these non-local dependencies. Terrain is
expected to exert permanent and location-dependent influence on atmospheric motions, which inspires us the inclusion of
global position bias f in gating coefficient calculation. The ablation studies in section 3.2 evaluate the impact of SAFN on

AtmoNAT’s performance.

3 Results
3.1 Comparisons with other data-driven weather models

In this section, we compare the root mean square error (RMSE) and anomaly correlation coefficient (ACC) of AtmoNAT
against several state-of-the-art data-driven weather models, including Pangu-Weather (Bi et al., 2023), NeuralGCM
(Kochkov et al., 2024), GraphCast (Lam et al., 2023), FuXi (Chen et al., 2023), Aurora (Bodnar et al., 2025), FengWu (Chen
et al., 2025), Baguan (Niu et al., 2025), ArchesWeather (Couairon et al., 2024), and Stormer (Nguyen et al., 2024). For
Neural GCM, Stormer, and ArchesWeather, we evaluate the mean of its ensemble predictions. Ensemble prediction can
substantially improve their performances. Regarding training resolutions, AtmoNAT and ArchesWeather are trained at 1.5°,
Neural GCM and Stormer at 1.4°, and all other models at 0.25°. Both the RMSE and ACC metrics incorporate area weighting,
consistent with Rasp et al. (2024). Furthermore, RMSEs are normalized against the High-Resolution Ensemble Forecast

(HRES) system from the ECMWF.

As detailed in Section 2.2.1, we define the combination of GRPE-NA and SAFN as a single feature extraction submodule.
The five Transformer blocks in AtmoNAT (Figure 1a) contain 10, 8, 4, 8, and 10 of these submodules, respectively. Due to
GPU memory constraints, AtmoNAT’s embedding dimension is restricted to 128, resulting in a total of 43.4 million
parameters. The model was trained on two NVIDIA RTX 4090 GPUs for 28 days and is utilized for all subsequent

performance comparisons.
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Figure 2 illustrates the relative RMSE across different models. For a fair evaluation, we restrict this comparison to models
trained at coarse resolutions: AtmoNAT and the ensemble forecasts of ArchesWeather, Stormer and NeuralGCM. AtmoNAT
significantly outperforms the other models on 850 hPa zonal (U850) and meridional (V850) winds up to a 72-hour lead time.
It also demonstrates distinctly lower RMSEs for 10-meter winds (U10m, V10m) and 850 hPa temperature (T850) up to an
84-hour lead time. Furthermore, its lower prediction error for 700 hPa specific humidity (Q700) is sustained through a 60-
hour lead time. For 500 hPa geopotential (Z500) and 2-meter temperature (T2m), AtmoNAT surpasses Stormer, and is only
outperformed by Neural GCM on Z500 at lead times exceeding 48 hours. Notably, AtmoNAT remains nearly the most
accurate model for MSLP up to a 120-hour lead time. In summary, single AtmoNAT’s deterministic forecasts achieve
superior performance across most key variables up to 72 hours when compared with the ensemble forecasts of other coarse-

resolution models.
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Figure 2. Relative RMSE of data-driven weather models trained on coarse resolution on key variables. Relative RMSE is
calculated based on HRES performances.

The relative RMSEs for specific geographic regions (Figures S4 - S9) align with the global findings in Figure 2.
Additionally, Figure S3 compares AtmoNAT’s RMSE against all evaluated data-driven weather models, including those
trained at 0.25° resolution. While AtmoNAT performs significantly better than Pangu-Weather, it trails behind FuXi and
GraphCast. On certain variables, AtmoNAT's performance degrades beyond a 72-hour lead time; this is expected, as

resource limitations restricted multi-step fine-tuning to a maximum 48-hour lead time.

Figure 3 presents the ACC of the coarse-resolution models for key variables up to a 72-hour lead time. These ACC trends are

highly consistent with the RMSE results in Figure 2. AtmoNAT achieves the highest ACC for MSLP, T850, U850, V850,

9
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U10m, and V10m. Notably, its ACC for wind velocities (U850, V850, U10m, V10m) is significantly higher than that of the
competing models. It ranks second best for Z500 and outperforms Stormer on T2m, while ACC values for Q700 are nearly
identical across all models. Extended ACC results up to a 120-hour lead time (Figure S10) reveal a performance degradation

at day 5, again attributable to the 48-hour fine-tuning limit imposed by computational constraints.

2500 Q700 T850 uss0
0.98 -
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Figure 3. ACC of different data-driven weather models trained on coarse resolution on key variables till 72-hour lead time.

Figure 4 depicts the relative RMSE evaluated specifically over global land areas, incorporating state-of-the-art models
trained at 0.25° resolution. Notably, AtmoNAT significantly outperforms all other models, including FuXi and GraphCast,
on UlOm, V10m, and Q700 up to a 120-hour lead time. It also achieves the lowest RMSE for U850 and V850 between 48

and 108 hours. For Z500, T850, and MSLP, AtmoNAT's performance remains comparable to other coarse-resolution models

and distinctly superior to Pangu-Weather. Regional land-area RMSE analyses (Figures S11 - S16) are generally similar with

Figure 4. However, over the North Pacific land areas, AtmoNAT yields significantly lower RMSEs across all key variables
except T850 and Q700.

10



275

280

https://doi.org/10.5194/egusphere-2026-1990
Preprint. Discussion started: 14 April 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Q700 T850 uss0o V850
04 X ----------- 10 4 10 1

0 O™gN——"7——71
w 10 4
& 10 44
- NS "
0 -20 A 20 —— |
> T T T T T T T T T T = T T T T T T T T T T
<y 24 48 72 96 120 24 48 72 96 120 24 48 72 96 120 24 48 72 96 120
o
(g T2m MSLP u10m
%2}
z ] Ofm====7=—="7"" P N 0
o 5 —— AtmoNAT
o i = —
> 10 4 ArchesWeather-Mx4
= —— -10 1 10
8 20 -10 1 o — ) —— Stormer-ENS
o 15 / 204 20 - —— Neural GCM-ENS

01 x*—\-\h 20 | k/ Pangu-Weather
T T T T T T T T T T T T T T T T T T T T — F i
24 48 72 96 120 24 48 72 96 120 24 48 72 96 120 24 48 72 96 120 W
Graphcast
-=-- HRES

Lead time(hours) in Global(Land)

Figure 4. Relative RMSE of data-driven weather models in global land area on key variables. Relative RMSE is calculated based
on HRES performances.

Figure 5 compares forecasts of key variables over Eurasia generated by AtmoNAT, HRES, and Pangu-Weather. AtmoNAT
successfully reproduces the spatial distribution of these variables. Error field analysis indicates that AtmoNAT consistently
maintains lower prediction errors across the middle-to-high latitudes of Eurasia. For example, while HRES and Pangu-
Weather exhibit distinct Z500 errors over northern Eurasia, AtmoNAT mitigates these inaccuracies. Similarly, pronounced
positive MSLP errors are visible for HRES and Pangu-Weather over northwestern Eurasia, whereas AtmoNAT achieves a
significantly lower RMSE. For Q700 and wind velocities (U850, V850, UlOm, V10m), AtmoNAT’s error fields are
uniformly near zero, corroborating the state-of-the-art performance demonstrated in Figure 4. Forecasts initialized at two

alternative times (Figures S17 and S18) display consistent results.
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Figure 5. Forecast comparisons between AtmoNAT, HRES, and Pangu-Weather on Eurasia at 72-hour lead time initialized at 6
April 2020, 00:00:00 UTC. From left to right columns are ground truth data from ERAS, predicted fields from AtmoNAT, error
fields from AtmoNAT, HRES, and Pangu-Weather. RMSE of each error field is located at the bottom of each subplot.

290 3.2 Ablation study

To evaluate the relative contributions of AtmoNAT’s architectural components, we conducted a step-by-step ablation study,
comparing the 24-hour lead time RMSEs of seven model variants (Table 1). We established a baseline model, denoted as
"Swin Attention". The latent dimension of this model is 96. It only uses Swin Transformer blocks (Liu et al., 2021). Multi-
Scale Head is removed. Multi-step autoregressive fine-tuning is not applied. The remaining six models were constructed by

295 sequentially integrating our proposed modifications: (1) replacing Shifted Window Self-Attention of Swin Transformer with
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Neighborhood Attention, (2) adding the Multi-Scale Head, (3) incorporating GRPE into the Neighborhood Attention, (4)
substituting the standard Transformer feed-forward network (FFN; Vaswani et al., 2017) with SAFN, (5) increasing the

latent dimension to 128, and finally, (6) applying multi-step autoregressive fine-tuning.

Except for the fine-tuned variant, all models in this section were trained for 110,000 iterations with a batch size of 8. Table 1
also reports the parameter counts and floating-point operations (FLOPs) during inference. The results indicate that standard
Neighborhood Attention performs similarly to Swin Attention. While the Multi-Scale Head reduces RMSE, its impact is less
pronounced than that of GRPE and SAFN. Scaling the model capacity and applying autoregressive fine-tuning also yield

substantial performance gains.

Table 1. RMSE, parameter counts, and FLOPs of AtmoNATS for ablation study.

Model Parameters FLOPs 7500 T850 U850 ™M V10M
Swin Attention 22.9M 268G 57.3 0.68 1.30 0.68 0.90
Neighborhood Attention 22.8M (-0.1) 267G (-1) 57.7 0.69 1.31 0.70 0.90
+ Multi-Scale Head 24.2M (+1.4) 307G (+40) 55.2 0.68 1.28 0.67 0.89
+ GRPE 24.9M (+0.7) 316G (+9) 52.0 0.66 1.24 0.66 0.85
+ SAFN 25.9M (+1.0) 320G (+4) 47.1 0.62 1.18 0.63 0.80
96 dims— 128 dims 43.4M (+17.5) 590G (+270) 4.5 0.58 L11 0.59 0.75
AtmoNAT (finetuned) 43.4M (0) 590G (0) 42.9 0.57 1.10 0.56 0.73

Note: Numbers in the parentheses are the parameter count or FLOPs change compared to the model in the former row. The

lowest RMSEs are bolded. The performances of different models are validated at 24-hour lead time on testing data.

Figure 6 extends the analysis in Table 1 up to a 120-hour lead time. Consistent with Table 1, forecasting accuracy steadily
improves with the progressive addition of new components, increased capacity, and fine-tuning. Neighborhood Attention
and the Multi-Scale Head offer marginal improvements. The integration of GRPE yields a significant 5% to 10% RMSE
reduction across most variables (excluding T2m and Q700) at all lead times. Similarly, replacing the standard FFN with
SAFN provides a stable 5% to 10% RMSE reduction across all variables. GRPE and SAFN achieve these substantial error
reductions while increasing model size and FLOPs by only 1% to 4% (Table 1). Although increasing the latent dimension
from 96 to 128 enhances performance, it nearly doubles the parameter count and FLOPs without yielding obvious
improvements at longer lead times. Finally, consistent with previous studies (Nguyen et al., 2024), multi-step autoregressive
fine-tuning is vital for long-range forecasting stability, delivering an approximately 10% RMSE reduction across all key

variables, particularly at 96- to 120-hour lead times.
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Figure 6. Relative RMSE of AtmoNATSs for ablation study in Table 1 on key variables. Relative RMSE is calculated based on
HRES performances.

325 Figures 7 and 8 present scorecards detailing the relative RMSE improvements following the respective additions of GRPE
and SAFN. Incorporating GRPE consistently reduces the RMSE of U, V, MSLP, U10m, and V10m by 5% to 7.5% across all
vertical levels up to day 5. The most substantial improvement occurs for Z, which sees an overall RMSE reduction
exceeding 7.5%. Forecast accuracy also noticeably improves for T at pressure levels above 850 hPa, though gains are
marginal for Q and T2m. Notably, both Q and Z exhibit large RMSE reductions at altitudes above 150 hPa. The addition of

330 SAFN produces a similar, but generally more pronounced, pattern of improvement (Figure 8). SAFN enhances the
predictions of U, V, and T by more than 7.5% at levels above 400 hPa up to a 24-hour lead time, while driving RMSE
reductions of over 10% for Z across all vertical levels up to day 3. Consistent with Figure 6, both GRPE and SAFN are

critical to AtmoNAT’s high predictive accuracy.
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Figure 7. Scorecard of relative RMSE change after adding GRPE to Neighborhood Attention.

Relative change in RMSE (%) after adding SAFN
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Figure 8. Scorecard of relative RMSE change after changing multi-layer perceptron into SAFN.
340
Table 2 isolates the impact of various position encodings on model RMSE. For these experiments, SAFN was replaced by a
standard Transformer FFN, fine-tuning was disabled, and all models utilized a latent dimension of 96 and were trained for
1,825,000 iterations. We compared variants completely lacking position encodings against those utilizing standard relative
position encodings (Liu et al., 2021), GRPE, and RoPE-Mixed (Heo et al., 2024)—a 2D adaptation of Rotary Positional
345 Embeddings (Su et al., 2024) tailored for Vision Transformers. Because RoPE-Mixed is incompatible with Neighborhood
Attention, it is evaluated exclusively within a Swin Transformer-based AtmoNAT backbone. Introducing any position
encoding dramatically reduces AtmoNAT’s RMSE compared to the baseline without encodings. Notably, GRPE achieves
the lowest RMSE of all tested encodings.
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Table 2. RMSE, parameter counts, and FLOPs of AtmoNATSs with different position encodings.

Attention PE Parameters FLOPs 7500 T850 U850 T2m V10m
NA w/o 24.2M 307G 58.1 0.712 1.338 0.682 0.919
Relative

NA PE 24.2M 307G 55.2 0.682 1.283 0.673 0.885
RoPE-

Swin 24.2M 309G 53.1 0.672 1.251 0.667 0.854
Mixed

NA GRPE 24.9M 316G 52.0 0.661 1.242 0.659 0.848

Note: The lowest RMSEs are bolded. The performances of different models are validated at 24-hour lead time on testing data.

Table 3 evaluates AtmoNAT variants equipped with different feed-forward networks, maintaining the training protocols and
latent dimensions used in Table 2. The baseline model employs a standard Transformer FFN. The second variant replaces
SAFN with a standard gating mechanism, the Swish-Gated Linear Unit (SwiGLU; Shazeer, 2020). SwiGLU resembles
SAFN but applies uniform linear projections across all spatial locations of the global feature map. The results demonstrate
that SwiGLU outperforms the standard FFN, affirming the effectiveness of gating mechanisms in data-driven weather
forecasting. However, SAFN achieves distinctly lower RMSEs than SwiGLU. We attribute this superior performance to
SAFN’s use of parallel depth-wise separable convolutions, which extract non-local spatial context. This extended receptive

field explicitly enables non-local feature interactions, a critical requirement for accurately predicting atmospheric dynamics.

Table 3. RMSE, parameter counts, and FLOPs of AtmoNATSs with different feed-forward networks.

Feed-forword

network Parameters FLOPs 7500 T850 U850 T2m V10m
FFN 24.9M 316G 52.0 0.661 1.242 0.659 0.848
SwiGLU 24.9M 315G 51.05 0.646 1.220 0.645 0.841
SAFN 25.6M 320G 47.1 0.624 1.176 0.634 0.799

Note: The lowest RMSEs are bolded. The performances of different models are validated at 24-hour lead time on testing data.

Figure 9 illustrates the relative RMSE improvement over HRES for various data-driven weather models, aggregated across
7500, T850, Q700, and 850 hPa wind vectors following Rasp et al. (2024). To ensure fairness, this comparison is restricted
to the first three forecast days, matching AtmoNAT's maximum 48-hour fine-tuning lead time. Baseline models’ RMSEs are
sourced from the WeatherBench 2 website, while training costs, model sizes, and FLOPs are drawn from published works.

Training costs were normalized to NVIDIA V100 GPU days.
16
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Figure 9. Scatter plot of RMSE improvement over HRES versus training cost (a), model size (b), and floating-point operations
(FLOPs) per inference (c). Training costs are normalized to GPU days of NVIDIA V100.

As shown in Figure 9a, AtmoNAT, ArchesWeather, and FuXi are the most efficient models regarding RMSE improvement
divided by training cost. When evaluating RMSE improvement divided by parameter count (Figure 9b), AtmoNAT ranks
second only to GraphCast; notably, competing models contain 7.5 to 75 times more parameters. Furthermore, AtmoNAT
stands out as the most computationally efficient model, demonstrating the highest RMSE improvement divided by FLOPs
per inference (Figure 9c). Other models outperform AtmoNAT at the expense of requiring 5 to 30 times more FLOPs.
Overall, AtmoNAT achieves the lowest RMSE among coarse-resolution models and Pangu-Weather, proving to be the most

efficient model when taking training cost, model size, and computational cost all into account.

4 Discussion

To understand the efficacy of GRPE, Figure 10 visualizes the learned GRPE prototypes, the corresponding partition
variables (g), and the resulting aggregated GRPEs at two distinct geographic locations and forecast initialization times. For
this analysis, we extracted four representative prototypes and their partition variables from the second GRPE-NA module

within the final Transformer block.

As shown, the prototypes capture distinct spatial patterns learned dynamically during training: Prototype 1 divides positive
and negative areas along a diagonal, Prototypes 2 and 4 feature a horizontal division across the center, and Prototype 3
centers a large negative bias at its core. These prototypes explicitly encode the underlying directionality of atmospheric
motions. The final GRPE is a linear combination of the prototypes, enabling flexible alignment of the GRPE to actual

direction of motion at each spatial location.
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Furthermore, the partition variable g independently determines the prototype weights at each spatial location, enabling the
encoding to adapt to localized weather phenomena and successfully preserving the location-dependency of the atmosphere.
Additionally, g exhibits clear temporal variations (Figure 10a), inducing dynamic changes in the resulting GRPE over South
America (Figure 10b). This demonstrates GRPE’s capacity to adjust to the temporal variability of atmospheric systems.
Ultimately, GRPE's success in data-driven weather prediction stems from its comprehensive integration of temporal

variability, spatial directionality, and location-dependency of atmospheric motions.
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Figure 10. Subplot (a) presents GRPE prototypes and corresponding gating variables g at each spatial coordinate. GRPEs in
subplot (b) are the weighted sum of prototypes with weighting coefficients defined by g. The spatial locations of GRPEs are also
presented in the world map at upper-right region. g and GRPEs are shown at prediction starting time 7 July 2020, 00:00:00 UTC
and 14 December 2020 12:00:00 UTC.

To understand the function of the global position bias §, Figure 11 illustrates § of the final four SAFNs within the last
Transformer block. These biases strongly correlate with global terrain, exhibiting absolute values that are generally
proportional to altitude. By accounting for the permanent influence of topography, the global positional bias provides the
SAFN with an additional degree of freedom to generate more accurate gating coefficients [G O S in Eq. (9)]. Consequently,

this mechanism likely contributes to AtmoNAT’s superior forecasting performance over global land areas.
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Figure 11. The visualization of global positional bias 8 of the last four SAFNs in the last Transformer block.

5 Conclusion

In this study, we propose AtmoNAT, a data-driven weather model based on Neighborhood Attention. The model consists
two novel modules, namely GRPE and SAFN. GRPE can capture the time variability and directionality of atmospheric
motions, and accomplishes independent encodings at every spatial location with omittable model size and FLOPs increase.
Furthermore, we propose the Spatial-Aware Feed-Forward Network (SAFN), a gating mechanism enhanced by a global

positional bias, to allow direct feature interactions under the influence of terrain’s permanent effect.

AtmoNAT’s deterministic forecasts achieve the preferable performance across most key variables at lead times up to 72
hours, outperforming Pangu-Weather (Bi et al.,, 2023) and the ensemble forecasts of other coarse-resolution models
(Kochkov et al., 2024; Couairon et al., 2024; Nguyen et al., 2024). Over global land areas, it delivers advantageous accuracy
in predicting U10m, V10m, U850, V850, and Q700, surpassing even high-resolution models such as FuXi (Chen et al., 2023)

and GraphCast (Lam et al., 2023). Moreover, AtmoNAT is exceptionally resource-efficient, ranking as one of the most
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efficient models in terms of RMSE improvement divided by training cost and FLOPs, and the second most efficient

regarding RMSE improvement divided by model parameter count.

Ablation studies demonstrate that both GRPE and SAFN significantly enhance AtmoNAT’s predictive accuracy, doing so at
the cost of only negligible increases in parameter counts and FLOPs. When evaluated against alternative position encodings
and feed-forward neural networks, the AtmoNAT architecture equipped with GRPE and SAFN consistently yields the lowest

weather prediction errors.

Building on the proof-of-concept established in this study, future research should evaluate GRPE and SAFN within
AtmoNAT architectures featuring larger latent dimensions and extended fine-tuning lead times. Because Neighborhood
Attention requires significantly less computational power and memory than standard Transformer blocks, it has rapidly
become the choice of architecture for recent data-driven weather models (e.g., Du et al., 2025; Pathak et al., 2026).
Integrating GRPE and SAFN holds tremendous potential for developing earth-specific, highly efficient structures for the

next generation of data-driven weather models.

Code and data availability

Source code of AtmoNAT can be accessed at https://doi.org/10.5281/zen0do.19369025 (Huang and Wang, 2026).

ERAS data for training, validation and testing AtmoNAT can be accessed at data repository of WeatherBench 2:

https://console.cloud.google.com/storage/browser/weatherbench?2.
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