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1. Dataset Details

1.1. Dataset and Baselines

In this work, we conduct experiments on a popular weather dataset, i.e., ERAS' [11], provided by the ECMWF [17]. As
shown in Tab. 1, ERAS dataset is a reanalysis atmospheric dataset, consisting of the atmospheric variables from 1979 to the
present day with a 0.25°spatial resolution with 721 x 1440. The atmospheric variables include 5 upper-air variables (Z, Q,
U, V, T) on 13 levels and 5 surface variables (T2M, U10, U10, MSL, SP). The low-resolution global forecasting is trained on
70 variables (5 x 13 4 5) with 40 years atmospheric dataset from 1979 to 2019 with 1.4°spatial resolution. At the same time,
the high-resolution regional weather forecasting task is trained in the same period with 5 surface variables on Eastern Asia
(7.5°W114°E-36°W172.5°E) with 0.25°spatial resolution.

1.2. Data processing

To address disparities among variables, all model inputs are normalized to ensure consistency. Using the training dataset
spanning 1979-2019, we compute the mean and standard deviation for each variable. Normalization is then performed by
subtracting the respective mean and dividing by the corresponding standard deviation.

1.3. Implementation Details

The main structure of this work follows the backbone of Flash Attention [5]. In the global forecasting stage, we train the
whole model. While in the regional forecasting stage, we only need to train the Spatial-Aligned Attention(SAA) module and
freeze the main structure. The detailed training parameters are provided in Tab. 2.

1.4. Code Available and Training Logs

We provide some code and training logs in the Supplementary Materials for our STCast, OneForecast, Graphcast and related
baselines. Baselines are collected from its respective official GitHub repository.

2. Additional Related Works
2.1. Time-series Methods

Before the emergence of recent data-driven forecasting methods on large-scale atmospheric datasets such as ERAS [11],
several time-series approaches had already been applied to weather forecasting. These earlier works typically framed regional
forecasting as a video prediction task, employing spatio-temporal convolutional layers or Transformer blocks to process the
input data. For instance, SimVP [8] and PastNet [2 1] employed spatio-temporal convolutions to forecast regional atmospheric
images, while STTN [12] and PKD-STTN [10] utilized spatio-temporal Transformer blocks. Concurrently, HISTGNN [15]
and STCWF [9] introduced spatio-temporal graph neural networks and contrastive learning, respectively, to the weather
forecasting domain. Notably, PastNet [21] further distinguished itself by incorporating physical principles into its neural
network architecture.

Although the aforementioned time-series forecasting methods are commonly referred to as spatio-temporal approaches uti-
lizing spatio-temporal neural networks (NNs), our proposed STCast fundamentally differs from them in several key aspects:
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Table 1. A summary of atmospheric variables. The 13 levels are 50, 100, 150, 200, 250, 300, 400, 500, 600, 700, 850, 925, 1000 hPa.
‘Single’ denotes the variables under earth’s surface.

Name Description Levels  Resolution Lat-Lon Range Time
Low-resolution Global Weather Forecasting
Z Geopotential 13 128 x 256 -90°S180°W-90°N180°E 1979-2020
Q Specific humidity 13 128 x 256 -90°S180°W-90°N180°E 1979-2020
U x-direction wind 13 128 x 256 -90°S180°W-90°N180°E 1979-2020
\" y-direction wind 13 128 x 256 -90°S180°W-90°N180°E  1979-2020
T Temperature 13 128 x 256 -90°S180°W-90°N180°E 1979-2020
t2m  Temperature at 2m height Single 128 x 256 -90°S180°W-90°N180°E  1979-2020
ul0  x-direction wind at 10m height  Single = 128 x 256 -90°S180°W-90°N180°E  1979-2020
vl0  y-direction wind at 10m height ~ Single 128 x 256 -90°S180°W-90°N180°E  1979-2020
msl Mean sea-level pressure Single 128 x 256 -90°S180°W-90°N180°E 1979-2020
sp Surface pressure Single 128 x 256 -90°S180°W-90°N180°E  1979-2020
High-resolution Regional Weather Forecasting
t2m  Temperature at 2m height Single 721 x 1440  7.5°S114°W-36°N172.5°E  1979-2020
ul0  x-direction wind at 10m height  Single 721 x 1440 7.5°S114°W-36°N172.5°E  1979-2020
vl0  y-direction wind at 10m height ~ Single 721 x 1440  7.5°S114°W-36°N172.5°E  1979-2020
msl Mean sea-level pressure Single 721 x 1440  7.5°S114°W-36°N172.5°E  1979-2020
sp Surface pressure Single 721 x 1440  7.5°S114°W-36°N172.5°E  1979-2020
Table 2. Implementation details on low-resolution global forecasts.
Category Parameter Value Parameter Value
Input Size 128 x 256 Input Channels 70
Model Architecture Output Channels 70 Number of Blocks 24
Embedding Dimension 768 Patch Size 2
Optimizer AdamW Learning Rate Scheduler CosineAnnealingL.R
Training Configuration | Initial Learning Rate 2x107% Minimum Learning Rate 1x 1077
Maximum Epochs 100 Loss Function L2loss
Input Time Steps 1 Training Output Time Steps 1
Data Settings Testing Output Time Steps 40 Training Period [1979, 2020]
Validation Period [2021, 2021] | Grid Resolution 1.4°
Batch Size 1 Global Batch Size 16
Experimental Setup Number of Data Workers 20 Mixed Precision Training Enabled
World Size 16

(1) Motivation: Previous works aim to capture implicit temporal correlations among time-series inputs and spatial depen-
dencies within the input domain using neural components such as convolutional layers. In contrast, STCast explicitly models
temporal correlations across monthly atmospheric patterns and geographical relationships across the global domain. (2) Ar-
chitecture: Prior works typically model spatial and temporal dimensions through convolution layers or Transformer blocks,
where spatial modeling is performed via convolution kernels applied to image grids, and temporal modeling is achieved
by extending these kernels across time steps. In contrast, STCast introduces a novel spatio-temporal modeling framework
based on monthly Gaussian distributions and global-regional representations, enabling more structured and interpretable
learning across both spatial and temporal domains. (3) Benchmarks: Unlike previous time-series methods that are typically
evaluated on small-scale, low-resolution datasets such as SEVIR [19] and WD [20], STCast is the first to explore explicit
spatio-temporal correlations within a realistic Earth system. It is evaluated on the ERAS dataset [11], demonstrating its
scalability and effectiveness in large-scale global weather forecasting.



3. Model Details

As shown in Algorithm 1, the global weather forecasting framework comprises three core components: Encoder, Processor,
and Decoder, and two supplementary settings: Reconstruction and Loss Function. In this work, the Encoder and Decoder
implementations follow Flash-Attention [5], while the Reconstruction setting and Loss Function design adopt the same
setting of VA-MoE [2]. For the forecasting task, the AI model ® predicts future atmospheric states X**! from historical
fields X* as X!*! = @(X?"). Detailed configurations for all five elements are provided below.

3.1. Encoder

Atmospheric variables across pressure levels are organized into a 3D tensor X! € RF*W*N "where H and W denote the
global grid height and width, respectively, and N is the number of variables. This tensor is projected into patch embeddings
via a convolutional layer Conv with stride p equal to the patch size:

X" = Conv,y,(X"), ey

where we set p = 2.
In addition to patch embedding, we incorporate a learnable positional embedding matrix, denoted as P, to encode spatial
information within the Encoder module. This matrix is initialized using a truncated normal distribution defined as:

P( )
— fora <z <b
flz;p,0,a,b) = o(@(SE)—e(25H)) , )
0 otherwise

where p and o represent the mean and standard deviation, and a and b denote the lower and upper bounds of the distribution,
respectively. The positional embedding P is subsequently added to the input features prior to processing, yielding the updated
representation X = X* + P,

3.2. Processor

The processor consists of a sequence of Transformer blocks, each comprising multi-head attention, a TMoE (Temporal
Mixture-of-Experts) module, layer normalization, and residual connections. The operations within a single block can be
formally expressed as:

A" = LN(Attention(X")) + X", (3)
X = LN(TMoE(A")) + A, “4)

where Attention denotes the attention mechanism, LN represents layer normalization, and TMoE refers to the Temporal
Mixture-of-Experts module as described in the main paper.

Following the design principles of FlashAttention [5] and VA-MoE [2], we adopt an alternating strategy that combines
window-based attention and global self-attention. This hybrid approach enables the model to effectively capture both local
and global dependencies in the input distribution.

3.3. Decoder

The Decoder module in this work is implemented as a multi-layer perceptron (MLP), which predicts the atmospheric variables
X!+ for the next timestep. The decoding operation is defined as:

X = MLP(X'T1). (5)

The MLP consists of two linear layers separated by a non-linear activation function. Specifically, the decoding process
can be expressed as:
X1 = Linear(GELU(Linear(X'*1))), (6)

where GELU denotes the Gaussian Error Linear Unit activation function. This structure enables the decoder to model
complex relationships in the input features and generate accurate predictions for the subsequent timestep.



Algorithm 1 STCast for Global Weather Forecasting

Input: Atmospheric variables X' at timestep ¢
Output: Forecasted atmospheric variables X**! at timestep ¢ + 1
1: Encoder

2: Apply high-stride convolution for patch embedding: X* = Conv,,»,(X")
3: Add positional embedding: X! = X! + P
4: Project to latent space via MLP: X! = MLP(X!)
5:
6: Processor
7: for each i € [blocks’ number] do
8: if i%2 == 0 then
9: j=1i//2
10: if 7%3 == 0 then
11: Windows Size = (8, 8)
12: else if j%3 == 1 then
13: Windows Size = (4, 16)
14: else
15: Windows Size = (16, 4)
16: end if
17: Attention = Windows-Attention(Windows Size)
18:  else
19: Attention = Self-Attention
20:  end if
21:

22:  Apply multi-head attention with residual connection: A* = LN(Attention(X")) + X*
23:  Apply TMoE with residual connection: X**! = LN(TMoE(A?)) + A?

24: end for

25:

26: Decoder

27: Reconstruct atmospheric variables to longitude-latitude grids: X'** = MLP(X**+1!)

3.4. Reconstruction

To ensure training stability, we introduce an auxiliary reconstruction path that directly connects the Encoder and Decoder
modules to reconstruct the input variables. This design complements the primary prediction path, which consists of the
Encoder, Processor, and Decoder modules. Notably, the Encoder and Decoder are shared across both paths. The overall
process is defined as:

X = Decoder(Encoder(X")), (7

X = Decoder(Processor(Encoder(X"))), 8)

where Encoder, Processor, and Decoder denote the respective modules in our framework. The reconstruction path facili-
tates the learning of robust representations by encouraging the model to preserve essential input information throughout the
encoding and decoding stages.

Under this configuration, the Encoder and Decoder modules are dedicated to encoding and decoding the input variables,
respectively, while the Processor is solely responsible for prediction. By excluding the Processor from the encoding and
decoding stages, the framework avoids unnecessary computational overhead, thereby enhancing efficiency without compro-
mising performance.



3.5. Loss function

To address both prediction and reconstruction tasks, we employ the L2 loss function to quantify point-wise errors between the
predicted outputs and the ground truth. The prediction loss Objp,cq and reconstruction 1oss Objyrccon are defined as follows:

Objprea = Mean((X!+ — XtH1)2), 9)
Objrecon = Mean((X! — X*)?), (10)
Objfinal = Objpred + A x Objrecona (1 1)

where X* and X**! denote the reconstructed and predicted outputs, respectively. The operator Mean computes the average
error across multiple dimensions. A weighting hyperparameter A is introduced to balance the two objectives in the final loss
function.

4. Experiments Details

4.1. Typhoon Tracking

This study focuses on two extreme cyclones: Typhoon Ewiniar and Typhoon Yinxing. Typhoon Ewiniar formed east of
Mindanao on May 24, 2024, traversed the Philippine Sea, and recurved northeastward over the Okinawa—Ryukyu region.
Typhoon Yinxing developed east of Yap Island on November 4, 2024, crossed the Philippine Sea, and entered the South
China Sea. The initial conditions for these cyclones are set at 00:00 UTC on May 24, 2024, and 00:00 UTC on November
4, 2024, respectively. Ground-truth and ECMWF are obtained from TCData’, and others are computed by us with official
codes.

Following previous Al-based approaches [, 16], we identify the eye of a tropical cyclone as the location of the local
minimum in mean sea level pressure (MSLP). The typhoon track detection algorithm is a sophisticated numerical weather
prediction post-processing tool specifically designed to automatically identify and track tropical cyclone paths from high-
resolution meteorological model outputs. The algorithm employs a multi-constraint sequential tracking approach that com-
bines sea-level pressure minimization with comprehensive physical validation to ensure robust and physically consistent
trajectory estimation.

The specific steps are as followed. 1) Set current position to initial coordinates; 2) Extract latitude-longitude grids and
atmospheric variables, including MSL, U10, and V10; 3) Locate the typhoon center by finding minimum sea-level pressure
within a defined search radius, 278km; 4) Calculate the center pressure, wind speed, and moving distance; 5) Check the
termination conditions by pressure threshold (101200 Pa), wind speed threshold (10.2 m/s), and max distance threshold (400
km); 6) If all validation criteria are satisfied, update current position and append to trajectory.

4.2. Evaluation Metric

In this work, we evaluate the forecasting performance between our STCast and other methods on RMSE (Root Mean Square
Error) and ACC (Anomalous Correlation Coefficient), which can be defined as:

SN qun Li(X!, — X! )2
RMSE(¢ a2 4 12
S \/ Nlat X Nlan ’ ( )

ZNlat ZNlon L; Xt Xt
ZNlm ZNIOW L; (Xt ) ZNlat ZNIo'n L; (Xt )

ACC(t) = , (13)

where X ¢ ;; and X; ¢ ;.; denotes the predicted variables and ground-truth at the horizontal coordinate (i,7) and time ¢; Ny, and
Njon, denote the length of latitude and longitude in the global region.

Considering the difference in the distribution of atmospheric variables at latitudes, we introduce the latitude-dependent
function L; to weight the atmospheric variables. The function is formulated as:

cosg;

Li=Njy4 X ————
‘ ¢ EN“” cos¢]

(14)

2tcdata. typhoon.org.cn


tcdata.typhoon.org.cn

Table 3. Comparative Analysis of Training Times and Hardware Specifications for Deep Learning Models. * is trained by ourselves. Some
data is collected from KARINA [4]

Model Params(M) MACs(G) GPUs Training Time
Fengwu [3] 153.49 132.83 32 A100 17 days
FourCastNet [13] - - 64 A100 16 hrs
Graphcast [14] 28.95 1639.26 32 TPUv4 4 weeks
Pangu-Weather [1] 23.83 142.39 192 V100 64 days
VA-MOoE [2] 665.37 - 32 A100 6 days
OneForecast [7] 24.76 509.27 16 A100* 8 days™
Ours (STCast) 654.82 436.12 16 A100 5 days
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Figure 1. 120-hour comparative analysis of RMSE | across 10 data-driven models for four variables, including Z500, T850, T2M, and
U10. Results are collected from EWMOoE [6], WeatherGFT [22] and WeatherBench [18] in https://sites.research.google/
gr/weatherbench/deterministic—-scores.

where ¢; and ¢; denote the latitude at index ¢ and j, respectively.

For typhoon track prediction, we evaluate model performance using two metrics: Mean Distance Error (MDE) and Haver-
sine Distance. First, the Haversine Distance is computed between the predicted typhoon center and the ground-truth location
to account for the curvature of the Earth. Subsequently, the MDE is used to quantify the average positional error across all
time steps. These metrics are defined as follows:

L
MDE = — ; d(Ppred, Pobs), 15)
d(Py, P,) = 2R - arcsin(v/a), (16)
a= SiHQ(%) + €0s ¢ - cos ¢y - sin? (A2)\> , 17)
Ad = ¢ — ¢, (18)
AN =y — A, (19)

where R = 6371km is the average radius of the earth, ¢1, A1 and ¢, Ao are the latitude and longitude of two points in earth
system. Pyreq and Py are the latitude-longitude coordinates of predicted and real points.
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Table 4. Ablation Studies on the processor’s structure with normalized mean RMSE.

Low-resolution Global Forecasts (RMSE/)
Processor Structure ‘ 6-hour 1-day 4-day 7-day 10-day

Self-Attn 0.0814 0.1363 0.2797 0.4576 0.5998
Self-Attn + Window-Attn (Fixed window size) |0.0811 0.1348 0.2705 0.4424 0.5838
Self-Attn + Window-Attn (Various window size) | 0.0617 0.1197 0.2578 0.4348 0.5763
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Figure 2. Typhoon Track Assessment. (a) and (b) present a five-day comparative analysis of Mean Distance Error (MDE, in kilometers )
for Typhoons Ewiniar and Yinxing, respectively. (c), (d), and (e) visualize the evolution of Mean Sea-Level Pressure (MSL) across three
temporal stages: initial conditions, 60-hour predictions, and corresponding ground-truth observations.

5. Additional Results
5.1. Efficiency Analysis

As shown in Tab. 3, we compare the number of parameters, multiply—accumulate operations (MACs), GPU usage, and train-
ing duration across six baseline models. Although STCast contains more parameters and MACs than GNN-based methods
such as Graphcast and OneForecast, its overall computational cost remains significantly lower than that of previous models,
particularly Fengwu, Pangu-Weather, and Graphcast. These results demonstrate that STCast achieves superior performance
while maintaining comparable computational efficiency.



5.2. Additional Global Forecasting Analysis

As illustrated in Fig. 1, we compare STCast with several state-of-the-art models across forecasting horizons ranging from
6 to 120 hours, evaluated on four key atmospheric variables. Experimental results show that STCast performs comparably
to VA-MoE and Stormer in predicting Z500 and U10, while outperforming all baselines in T850 and T2M. These findings
highlight the effectiveness of STCast and its integrated TMoE architecture in global weather forecasting, demonstrating its
ability to capture both temporal correlations and seasonal variability across diverse meteorological variables.

5.3. Additional Typhoon Track Prediction

In addition to the typhoon track visualizations presented in the main paper, we conduct a quantitative evaluation of forecasting
performance using Mean Distance Error (MDE, in kilometers) across four methods: ECMWEF [17], FengWu [3], Pangu-
Weather [ 1], and our STCast. As illustrated in Figure 2a-b, experimental results demonstrate that STCast achieves competitive
accuracy in short-term forecasts while exhibiting superior performance in long-term predictions, particularly for Typhoon
Yinxing, with mean errors of 96.5 km and 128.5 km for Typhoons Yinxing and Ewiniar respectively—the lowest among all
compared algorithms. Complementary visualizations in Figure 2c-e further dissect Typhoon Yinxing’s evolutionary process
by contrasting initial conditions, STCast predictions, and ground-truth observations. Collectively, these findings substantiate
STCast’s robust capability in extreme weather event assessment, demonstrating notable advantages in accurately forecasting
tropical cyclone trajectories over extended temporal horizons.

5.4. Additional Ablation Study

To further assess the impact of the Processor’s architectural design, we conduct an ablation study examining three attention
configurations: 1) full self-attention, 2) self-attention + fixed-size window attention, and 3) self-attention + various-size win-
dow attention. Compared to configuration 1, configuration 2 demonstrates substantial improvements in long-term forecasting
performance while yielding limited gains in short-term predictions. Configuration 3 achieves an additional average im-
provement of approximately 0.02 across all evaluation metrics, underscoring the efficacy of the proposed processor design.
Through this adaptive attention mechanism, STCast effectively captures both global patterns and regional characteristics
across different geographical areas, thereby enhancing its capacity to learn complex atmospheric dynamics across Earth’s
surface.

5.5. Additional Visualization

We provide more visualization about regional weather forecasting of 6-hour, 0.5-day, 1-day, 1.5-day, 2-day, 2.5-day, 3-day,
3.5-day, 4-day, 4.5-day, 5-day, 5.5-day, 6-day, 6.5-day, 7-day, 7.5-day, 8-day, 8.5-day, 9-day, 9.5-day, and 10-day in Fig. 3,
Fig. 4, Fig. 5, Fig. 6, Fig. 7, Fig. 8, Fig. 9, Fig. 10, Fig. 11, Fig. 12, Fig. 13, Fig. 14, Fig. 15, Fig. 16, Fig. 17, Fig. 18, Fig. 19,
Fig. 20, Fig. 21, Fig. 22, and Fig. 23.

We also provide more visualization about global weather forecasting of 6-hour, 0.5-day, 1-day, 1.5-day, 2-day, 2.5-day,
3-day, 3.5-day, 4-day, 4.5-day, 5-day, 5.5-day, 6-day, 6.5-day, 7-day, 7.5-day, 8-day, 8.5-day, 9-day, 9.5-day, and 10-day in
Fig. 24, Fig. 25, Fig. 26, Fig. 27, Fig. 28, Fig. 29, Fig. 30, Fig. 31, Fig. 32, Fig. 33, Fig. 34, Fig. 35, Fig. 36, Fig. 37, Fig. 38,
Fig. 39, Fig. 40, Fig. 41, Fig. 42, Fig. 43, and Fig. 44.
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Figure 3. 6-hour forecast results of regional weather among different models.
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Figure 4. 0.5-day forecast results of regional weather among different models.
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Figure 5. 1-day forecast results of regional weather among different models.
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Figure 6. 1.5-day forecast results of regional weather among different models.
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Figure 7. 2-day forecast results of regional weather among different models.
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Figure 8. 2.5-day forecast results of regional weather among different models.
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Figure 9. 3-day forecast results of regional weather among different models.
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Figure 10. 3.5-day forecast results of regional weather among different models.
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Figure 11. 4-day forecast results of regional weather among different models.
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Figure 12. 4.5-day forecast results of regional weather among different models.
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Figure 13. 5-day forecast results of regional weather among different models.
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Figure 14. 5.5-day forecast results of regional weather among different models.
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Figure 15. 6-day forecast results of regional weather among different models.
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Figure 16. 6.5-day forecast results of regional weather among different models.
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Figure 17. 7-day forecast results of regional weather among different models.

Error@Direct Train OneForecast Error@OneForecast Error@Ours
2 = s 7

%

Figure 18. 7.5-day forecast results of regional weather among different models.
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Figure 19. 8-day forecast results of regional weather among different models.
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Figure 20. 8.5-day forecast results of regional weather among different models.
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Figure 21. 9-day forecast results of regional weather among different models.
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Figure 22. 9.5-day forecast results of regional weather among different models.
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Figure 24. 6-hour forecast results of global weather among different models.
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Figure 25. 0.5-day forecast results of global weather among different models.
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Figure 26. 1-day forecast results of global weather among different models.
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Figure 27. 1.5-day forecast results of global weather among different models.
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Figure 28. 2-day forecast results of global weather among different models.
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Figure 29. 2.5-day forecast results of global weather among different models.
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Figure 30. 3-day forecast results of global weather among different models.
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Figure 31. 3.5-day forecast results of global weather among different models.

Error@GraphCast(%)

)

e
Error@GraphCast(%)
P

& S [Max: 453%

o Z
Erfor@GraphCast(%)
O

_ 10 OneforeCast@T2M (K)

= ?8 OneForeCast@MSL (Pa)

SN

e W
a ?8 OneForeCast@U700 (m/s)

e
- 0§ oneForeCast@vs500 (m/s)

Error@0neForeCast (%)

T &

)
LS

Error@0neForeCast (%)
= =

-
s

25 T
Error@OneForeCast (%)
P

@OneForeC;

Ours@T2M (K}

=
Error@Ours (%)

i

7,
Max: 4.41%)
G = .

s 98 Ours@Q500 (g/kg)

Ours@Q700 (g/kg)

P
(RS s

Error@Ours (%)

_Max: 2.92%
s 4 e~
Error@0urs (%)

- 0.5

- 18

- 0.5

- 28

- 0.5

- 0.5

- 0.5

- 28

- 0.5

- 0.5

- 0.5

- 28

- 0.5

- 0.5

- 18

- 0.5

- 28

- 0.5

- 28

- 0.5

- 28

- 0.5

- 28

- 0.5

- 0.0



GraphCast@T2Mm (K)

GT@Z700 (m?/s5%)

GT@Q500 (g/kg)

T R
GraphCast@T500 (K)

&N

Figure 32. 4-day forecast results of global weather among different models.
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Figure 33. 4.5-day forecast results of global weather among different models.
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Figure 34. 5-day forecast results of global weather among different models.
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Figure 35. 5.5-day forecast results of global weather among different models.
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Figure 36. 6-day forecast results of global weather among different models.
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Figure 37. 6.5-day forecast results of global weather among different models.
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Figure 38. 7-day forecast results of global weather among different models.
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Figure 39. 7.5-day forecast results of global weather among different models.
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Figure 40. 8-day forecast results of global weather among different models.
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Figure 41. 8.5-day forecast results of global weather among different models.
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Figure 42. 9-day forecast results of global weather among different models.
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Figure 43. 9.5-day forecast results of global weather among different models.
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Figure 44. 10-day forecast results of global weather among different models.
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