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Abstract. The development of 0.1◦ global weather forecasting models
based on machine learning (ML) is constrained by the limited availabil-
ity of high-resolution data, as decades of reanalysis are only available
at 0.25◦ resolution. While existing approaches fine-tune 0.25◦ forecast
models on limited 0.1◦ samples, we show that this transfer is hindered
by the irreversible information loss inherent in coarse-resolution fore-
casting. Therefore, we propose BaguanHR, a framework that shifts
the focus from transferring models to transferring data. We first show
that super-resolution (SR) has lower conditional entropy and input am-
plification than forecasting, making it a more robust vehicle for reso-
lution transfer. By leveraging this advantage through variable-wise SR,
we synthesize extensive 0.1◦ data from ERA5. BaguanHR’s performance
on the synthetic-plus-real dataset exceeds both ML-based methods and
IFS-HRES, achieving superior performance across over 85% of the lead
times within 72 hours. Furthermore, our findings highlight a power-law
scaling effect, as a twofold increase in data reduces RMSE by 4.6% for 72-
hour forecasting and 4.9% for 120-hour forecasting. Our results demon-
strate that scaling high-resolution ML-based forecasting is primarily a
data bottleneck, and that variable-wise super-resolution provides a sim-
ple yet general solution to unlock long coarse-resolution reanalyses for
high-resolution training.

Keywords: Weather forecasting · Scaling law · High-resolution

1 Introduction

The field of global weather forecasting is witnessing a profound change, with
data-driven models now outperforming established numerical weather prediction
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systems at medium ranges [3, 5, 6, 18–20, 27]. However, advancing these mod-
els toward higher spatial resolution remains fundamentally constrained by the
availability of long, consistent, high-resolution global datasets. For example, the
European Center for Medium-Range Weather Forecasts (ECMWF) operational
analysis provides global 0.1◦ (roughly 9km) data only after 2016 [23], yielding
at most about 10 years of training data up to 2026, which is far too limited for
training large-scale ML forecast models without severe overfitting. In contrast,
reanalysis data such as ERA5 [14] provides 47 years of data (up to 2026) only at
a coarser 0.25◦ resolution, creating a resolution–data imbalance that has become
a critical bottleneck for high-resolution ML weather forecasting.

A recent line of work attempts to overcome this challenge by transferring a
pretrained 0.25◦ forecast model to 0.1◦ through architectural design and fine-
tuning on the small amount of 0.1◦ high-resolution data [4, 12]. This strategy
leverages prior dynamical knowledge encoded in the coarse model but is inher-
ently limited by two factors. First, the pretrained coarse-resolution model cannot
fully exploit the rich information contained in the 0.1◦ analysis fields because its
learned representation is tied to the low-resolution grid. Second, weather predic-
tion is a significantly more complex task than downscaling; adapting a coarse-
resolution forecast model to a finer grid requires learning both fine-scale processes
and the correct multiscale dynamics, which is difficult to achieve through limited
fine-tuning. As a result, coarse-to-fine transfer often yields restricted accuracy
improvements and depends heavily on sophisticated architectural modifications.

We propose a paradigm shift: transfer data, not models. Our core insight is
that super-resolution (SR) is a same-time conditional reconstruction
task with provably lower conditional entropy than multi-step fore-
casting. Following this insight, SR should be (i) intrinsically easier to learn,
(ii) more stable under imperfect inputs, and (iii) suitable as a scalable mecha-
nism to break the data bottleneck in high-resolution forecasting. We test these
implications through a set of experiments that sequentially close this reasoning
loop.
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Fig. 1: Entropy-based Robustness evaluation for t2m, u10, and z500. The x-axis cor-
responds to different noise levels, and the y-axis is the RMSE and amplification factor.
Lower amplification factors reflect greater inherent stability.



High-Resolution Weather Forecasting via Data Scaling 3

We investigate the mechanisms underlying our approach through two primary
lenses. First, we analyze the robustness of SR and forecasting (FC) for t2m, u10
and z500, as shown in Fig. 1. By measuring the error growth per unit of injected
Gaussian noise (amplification factor) for both tasks, we find that: (i) SR is a
simpler task, yielding much lower RMSE than one-step forecasting (e.g., 13.8
vs. 23.6 for z500), which aligns with [11,24]; and (ii) SR is more stable, with an
amplification factor (0.6–0.8×) significantly lower than that of forecasting (1.0–
1.2×). Second, our data scaling law analysis (Sec. 5.2) demonstrates that
0.1◦ forecasting is strongly data-limited, exhibiting power-law improvements as
training volume increases. Specifically, expanding the training data from 7 to 18
years reduces RMSE by more than 4.5% at long lead times.

Building on these findings, we employ a synthetic-plus-real strategy. Specif-
ically, we train per-variable SR models on limited paired 0.1◦–0.25◦ samples,
apply them to decades of ERA5 to synthesize high-resolution 0.1◦ training data,
and then train 0.1◦ forecast models from scratch. This data-transfer approach
substantially outperforms coarse-to-fine baselines without specialized architec-
tures or fine-tuning, indicating that scaling high-resolution ML forecasting is
best addressed by data construction via variable-wise super-resolution.

The main contributions of our work are as follows:

– We propose BaguanHR, a framework leveraging the low conditional entropy
of super-resolution (SR) as a robust data augmentation strategy for high-
resolution weather forecasting. BaguanHR outperforms various ML-based
models and IFS-HRES. Specifically, over 85% of lead times show superior
performance within 72 hours, highlighted by a 4.0% RMSE reduction com-
pared specifically to IFS-HRES.

– We conduct a comprehensive investigation from both experimental and the-
oretical perspectives to elucidate the mechanisms underlying the effective-
ness of synthetic-plus-real strategy. By leveraging the inherent robustness
of per-variable SR, our approach achieves up to a 20% reduction in RMSE
compared to traditional coarse-to-fine methods, establishing a more stable
framework for high-resolution modeling.

– We establish fundamental data scaling laws in high-resolution forecasting,
revealing that performance improves following a power law as data volume
increases. Specifically, expanding the training dataset from 7 to 18 years
yields a 4.9% reduction in RMSE for long-term (120-hour) forecasts and
4.6% for 72-hour forecasts.

– Our study highlights a shift in perspective: for high-resolution ML-based
weather forecasting, data construction via super-resolution proves more scal-
able and effective than architectural design or transfer learning. As the
data availability is the primary bottleneck in high-resolution forecasting,
our paradigm addresses the data directly, and can be expanded to other
high-resolution tasks.
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2 Related Work

2.1 Data-Driven Weather Forecasting Models

Moving beyond the resolution limits of 0.25◦ models [3–6, 19, 27], recent 0.1◦

forecasting efforts [4,12] focus on transferring knowledge from pretrained coarse-
grained systems. Aurora [4] introduces bilinear upscaling for patch alignment,
while Fengwu-GHR [12] employs identity-preserving mappings for high-resolution
extrapolation. These methods highlight a growing trend of leveraging trans-
fer learning to achieve operational-grade precision, but they still treat high-
resolution forecasting primarily as a model-transfer problem under limited 0.1◦

data. In contrast, our approach tackles the same challenge from a data-centric
perspective by expanding the effective 0.1◦ dataset via super-resolution. This
data-centric route is complementary to neural-operator methods, including Fourier
Neural Operators and coarse-graining operators [21, 31], which address multi-
resolution physical modeling from an architecture-centric perspective.

2.2 Scaling in Weather Forecasting Task

Inspired by the scaling laws in NLP [17] and CV [7, 33], recent studies have
begun exploring the relationship between compute, data, and performance in
meteorology. While [27] analyzed model and data scaling at resolutions below
0.25◦, [32] reported fundamental power laws across model size and compute
budget. However, whether these performance gains persist when scaling
data at 0.1◦ resolution remains an open question, especially given the scarcity
of high-resolution analysis data. This motivates our investigation into effective
data-scaling strategies within high-resolution regimes.

3 Rationale for Synthetic-to-Real Transfer

3.1 Robustness Evaluation: Super-Resolution vs. Forecasting

To justify the adoption of Super-Resolution as a superior data augmentation
strategy, we conduct a comparative analysis between two paradigms: forecasting
(temporal evolution) and super-resolution (spatial reconstruction) under varying
levels of input noise. The formulations for these tasks are defined as follows:

– High-Resolution Forecasting (FC): BaguanHR is designed to generate
global medium-range forecasts at a 0.1◦ spatial resolution (H = 1801,W =
3600). Let Xt ∈ R

V×H×W represent the atmospheric state at time t, where
V denotes the number of variables. The forecasting model aims to learn a
mapping ΦF : Xt → Xt+∆t, where ∆t = 6 hours. Future states are predicted
in an auto-regressive manner, utilizing the previous output as input for the
subsequent step.
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– Super-Resolution (SR): To augment the training data, we define a spa-
tial reconstruction task to bridge the gap between coarse reanalysis and
high-resolution analysis data. Given a low-resolution state Zt ∈ R

V×H′
×W ′

(0.25◦), the SR model learns a mapping ΦSR : Zt → X̂t, producing a 0.1◦

pseudo-label X̂t that maintains physical consistency with the source data
while enhancing spatial detail.

To evaluate model robustness, we perturb input fields with Gaussian noise
δ ∼ N (0, σ2) at varying intensities σ. Sensitivity is quantified by an amplifica-
tion factor, defined as the change in prediction error relative to the baseline,
normalized by the noise magnitude: (|RMSEσ − RMSE0|/σ). This metric cap-
tures the marginal response of SR and FC models to input perturbations. By
isolating the incremental error caused solely by input perturbations, this factor
reveals the intrinsic stability of the model’s mapping function. A high amplifi-
cation factor suggests that small input fluctuations are significantly magnified
during the inference process, whereas a low factor signifies a resilient architec-
ture.

Our analysis reveals that the SR approach offers distinct advantages over the
FC method in two key aspects. First, as illustrated in Fig. 1, SR consistently
exhibits significantly lower amplification factors than forecasting across all tested
meteorological variables, including t2m, u10, and z500. Second, SR maintains
a substantial advantage in RMSE compared to the FC model at every noise
intensity. Together, these findings suggest that SR is fundamentally less sensitive
to input uncertainties and more effective at suppressing error propagation. These
results demonstrate that SR’s inherent stability and resilience to input
perturbations validate its application in robust data augmentation.

3.2 Synthetic-plus-Real vs. Coarse-to-Fine Adaptation
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Fig. 2: Comparative performance of the “synthetic-plus-real” training-from-scratch
paradigm versus the “coarse-to-fine transfer” approach. The x-axis is the lead time
(days), and different colors show different values of relative RMSE difference.

At the onset of our study, we conduct a comprehensive comparison between
two technical paradigms for high-resolution adaptation: the conventional “coarse-
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to-fine” approach and our proposed “synthetic-plus-real” strategy. This compar-
ison serves to identify whether model-level transfer or data-driven aug-
mentation provides a more effective route for 0.1◦ modeling.

Experimental Setup Current 0.1◦ resolution models, represented primarily
by [12] and [4], both follow a ‘coarse-to-fine’ technical route. In this work, we
choose to implement our scheme by reproducing the methodology established
by [12], which adapts a pre-trained 0.25◦ model to 0.1◦ resolution through de-
compositional and combinational transfer learning. In contrast, the “synthetic-
plus-real” paradigm, as described in Sec. 4, augments the training set by gen-
erating high-resolution synthetic data and trains the 0.1◦ model from scratch.
To ensure a fair comparison, both paradigms are evaluated on 2025 real-time
analysis data.

Training Datasets The “synthetic-plus-real” training set integrates two key
components:

– Real-Time Analysis Data: We utilize 0.1◦ ECMWF 4D-Var analysis data
(2017–2024). For accumulated variables (fdir, ssrd, and tp) unavailable in the
analysis archive, we source them from zero-hour IFS-HRES forecasts.

– Synthetic Data: To supplement the limited 0.1◦ archive, we apply a per-
variable super-resolution (SR) model to 0.25◦ ERA5 reanalysis (2007–2016).
This yields 10 years of 0.1◦ pseudo-labels that maintain the physical consis-
tency of the original ERA5 records.

The complete dataset encompasses 13 standard pressure levels (50–1000 hPa)
for upper-air variables (z, t, u, v, q) and a comprehensive set of surface param-
eters, including standard meteorological fields (t2m, d2m, u10, v10, msl, sp),
specialized variables (u100, v100, lcc, tcc, sst), radiation metrics (ssrd, fdir), and
moisture metrics (tcw, tcwv, tp). This dataset serves as the foundation for the
experimental results presented in Sec. 5.

Results As illustrated in Fig. 2, the synthetic-plus-real paradigm significantly
outperforms the coarse-to-fine baseline across the majority of variables. Notably,
RMSE reductions reach as much as 20% (highlighted by the prominent blue re-
gions). These findings provide empirical evidence for why data transfer works:
training directly on high-fidelity synthetic data facilitates the learning of more
robust spatial representations than parameter-level fine-tuning on interpolated
inputs. Thus, we adopt the synthetic-plus-real paradigm as our core
methodology for all subsequent stages.

3.3 Theoretical Justification of Synthetic Data Transfer

While including clean data can mitigate model collapse in iterative learning
[9, 29], the consensus remains that synthetic data generally impairs generaliza-
tion [2]. We challenge this view by demonstrating that an appropriate synthetic
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generation procedure can significantly reduce generalization error in linear re-
gression.

Consider a multi-cluster distribution where samples (x, y) are generated via
x = u⊗ ek with u ∼ N (µk, σ

2I) and y = ⟨w, x⟩+ z with noise z ∼ N (0, γ2). Let
Da = {(xi, yi)}

n
i=1 denote the training set. Under assumptions on µk (normal-

ization, orthogonality, and separation) and σ = o(1), we obtain an estimation of
w(denoted as ŵ) using the standard linear regression model:

ŵ =

(
1

n

n∑

i=1

xix
⊤
i

)−1(
1

n

n∑

i=1

xiyi

)
. (1)

The following theorem shows the estimation error for ŵ in Eq. (1).

Theorem 1. With a probability ≥ 1− δ, we have

|w − ŵ| ≤ O

(
γ

√
dm

n
log

1

δ

)
. (2)

Suppose that we have N additional noisy examples Db = {(ui, yi)}
N
i=1 (N ≫

n), where each ui is generated via the same process but lacks its cluster index
ki. Because this key information is latent, we refer to Db as noisy data. The
following theorem indicates that a linear regression model learned directly from
Db will suffer a substantially larger error compared to ŵ defined in Eq. (1).

Theorem 2. Let wu ∈ R
d be the linear regression model we learned from Db.

Assume N = +∞. We have

Ek∈[m]Eu∼N (µk,σ2Id)

[
|⟨u,wu⟩ − ⟨u,wk⟩|

2
]
≥ σ2VAR (w1, . . . , wm) , (3)

where

VAR (w1, . . . , wm) = Ek∈[m]

[
|wk − Ej [wj ]|

2
]
. (4)

Compared to ŵ in Eq. (1), we will have ŵ yields a smaller regression error
than wu, even when N → +∞. Our second approach is to learn from Da a model
to predict the index of Gaussian distribution, and apply the learned prediction
model to augment the input patterns with the predicted index. The following
theorem bounds the recovery error for w̃.

Theorem 3. Assume n ≥ md log N
δ
. Then, with a probability at least 1− δ, we

have

|w̃ − w| ≤ O

(√
dm

N
log

1

δ

)
. (5)

Comparing Theorem 3 to Theorem 1, we can see that the solution estimated
from the synthetical dataset Dc is significantly closer to the oracle w than the one
that is learned from the clean dataset Da. This result theoretically validates
the feasibility of employing super-resolution models for robust data
augmentation. Further details and proofs are provided in the supplementary
material.
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4 System Architecture and Training Strategies

4.1 Framework of BaguanHR

As illustrated in Fig. 3, BaguanHR comprises a per-variable super-resolution
generator and a high-resolution forecasting model. To mitigate the scarcity of
0.1◦ EC analysis data, we employ the SR generator to synthesize 0.1◦ pseudo-
labels from 0.25◦ ERA5 data.

Mixed Data

(a) Training Data Composition

ERA5

Swin2SR

Swin2SR

Swin2SR

Per Variable Super Resolution

EC Analysis
(2017-2024)

ERA5-SR data
(2007-2016)

EC Analysis

(b) High Resolution Forecasting

Group 1
Aggregation

Group 2
Aggregation

Group 3
Aggregation

Aggregation ℝ
!

"
×
#

"
×"

!
"! ∈ ℝ

#×%×&

!
"!'∆" ∈ ℝ

#×%×&

Projection Head

(c) Large Scale I/O Strategy

60TB data

4 nodes X 8 A800 GPUs

Large Storage NAS12TB SSD

12TB SSD

12TB SSD

12TB SSD

UTC 00:00 / 12:00

UTC 06:00 / 18:00

Situation 1 Situation 2 Situation 3 Situation 4

Input 00:00 (SSD) 06:00 (NAS) 12:00 (SSD) 18:00 (NAS)

Output 06:00 (NAS) 12:00 (SSD) 18:00 (NAS) 00:00 (SSD)

(d) Self-adaptive Rollout

Forecasts &

Lead Time

Training Data

Buffer(Queue)

Value: Forecasts, Targets, Lead Times
Pop ratio: stochastic buffer replacement schedule

1. Input: Forecasts 2. Output: Targets
3. Lead-time-aware Loss Weight: W[Lead]

S
h
i
f
t
 
W
i
n
d
o
w
 
M
S
A

P
a
t
c
h

M
e
r
g
i
n
g

M
u
l
t
i
-
h
e
a
d
 
S
e
l
f
-

A
t
t
e
n
t
i
o
n

×N

L
a
y
e
r
 
N
o
r
m

F
e
e
d
-
F
o
r
w
a
r
d
 

N
e
t
w
o
r
k

Push Pop

Fig. 3: Overview of BaguanHR’s architecture. (a) Training Data Composition. (b)
High-resolution forecasting model. (c) Large-scale I/O strategy. (d) Self-adaptive roll-
out strategy.

Per-Variable Super-Resolution Unlike weather forecasting, which is for-
mulated as a physics-constrained initial value problem, super-resolution em-
phasizes topographic-guided spatial reconstruction. Given that variable-specific
training yields higher fidelity [1,13,30], we adopt Swin2SR [8] to downscale 0.25◦

ERA5 data, treating each atmospheric variable independently. Each SR model
is trained on paired 0.25◦–0.1◦ fields using an MAE reconstruction objective.

High-Resolution Forecasting Model As illustrated in Fig. 3(b), the fore-
casting model processes inputs through variable-specific tokenization and hier-
archical weather embedding, followed by multiple Swin Transformer blocks [22],
and a linear projection head for spatial restoration.

Variable-Specific Tokenization and Hierarchical Embedding. Given an input of
shape V × H × W × D, where V is 80 (tp solely as an output), H is 1801
and W is 3600. Then each variable is independently tokenized via patchification
with a patch size p, resulting in a reshaped tensor of V × h × w × D (where
h = H/p and w = W/p). However, the “brute-force” cross-attention aggregation
common in prior works [25–27] becomes computationally prohibitive for such
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high-resolution atmospheric data. To mitigate this, we propose a hierarchical
weather embedding. By partitioning variables into 12 groups, our model first
distills them into group-specific queries and then fuses them into a global sum-
mary. This two-level aggregation strategy effectively minimizes GPU memory
overhead while streamlining the training process.

Swin Transformer Blocks and Projection Head. The embeddings are processed
by Swin Transformer blocks to facilitate patch interactions. Finally, a linear
projection head (RD×V p2

) restores the representation to its original spatial di-
mensions.

4.2 Self-Adaptive Rollout Strategy

To mitigate error accumulation in auto-regressive forecasting, recent models [4,
12] have adopted RL-inspired replay buffers for long-range stability. However,
over-emphasizing long-lead horizons often degrades short-term accuracy due to a
forgetting effect. To resolve this, we introduce two strategies for optimized replay
buffer utilization that balance long-range stability with short-term fidelity.

– Lead-Time-Aware Loss Weighting: We employ lead-time-dependent wei-
ghts to ensure short-lead predictions retain sufficient gradient influence.
This prevents long-lead cumulative errors from dominating the optimization,
thereby preserving foundational accuracy and mitigating error propagation
during auto-regression.

– Stochastic Buffer Replacement To enhance data diversity, we implement
a randomized buffer update strategy rather than a standard FIFO approach.
By maintaining a heterogeneous mixture of lead times per batch, this method
stabilizes distributed training and mitigates the instability typically caused
by small local batch sizes.

4.3 Training and I/O Optimization

We also implement a scalable training framework for BaguanHR, leveraging
advanced I/O partitioning and multi-stage optimization to ensure high-fidelity
forecasting and high-throughput training.

– Training Pipeline BaguanHR utilizes 32 NVIDIA A800 GPUs in three
stages: (1) Pretraining, for 250k steps (14 days) on 8-year EC analysis
data; (2) Synthetic Fine-tuning, for 70k steps (4 days) incorporating 10-
year super-resolution data; and (3) Rollout Training, for 2 days with a
self-adaptive replay buffer to suppress long-range error accumulation.

– I/O Strategies To address the I/O bottleneck caused by 32-bit data files of
4–5 GB each, we achieve a 4× speedup via: (1) Data Partitioning, sharding
data across local 12 TB SSDs per node; (2) Hybrid Storage, caching UTC
00:00/12:00 data on SSDs while keeping 06:00/18:00 data on NAS.

Overall, the training pipeline takes about 20 days on 32 NVIDIA A800 GPUs
and uses about 60 TB of storage for 18 years of 0.1◦ synthetic-plus-real data;
detailed compute and I/O costs are provided in Supplementary Sec. C.4.
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5 Experiments

5.1 Dataset & Metrics

Detailed data descriptions are provided in Sec. 3.2. We adopt the standard
weather evaluation methodology outlined in WeatherBench [28], focusing on fore-
casts initialized at 00/12 UTC for the year 2025. We use weighted Root Mean
Square Error (RMSE) and weighted Anomaly Correlation Coefficient (ACC),
which have also been widely used in AI-based weather models [3, 6, 19, 27], as
our main metrics.

5.2 The Scaling of Data Volume

Fig. 4 reveals consistent power-law-like improvements in forecast skill as the
volume of training data increases. This confirms the pivotal role of data scaling
in ML-based weather models. Beyond this overall trend, we observe:
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Fig. 4: Scaling law curves for different variables and lead times. Different subplots
correspond to different variables and forecasting horizons. We plot the x-axis in log
scale to reflect the scaling law.

1. Scaling Consistency Across Lead Times: The power-law behavior of er-
ror reduction remains remarkably stable across different forecast lead times.
This consistent scaling slope suggests that increasing data volume is a univer-
sally robust strategy for improving both short-term deterministic and long-
term atmospheric predictions. Notably, for long-term forecasting, RMSE is
reduced by 4.6% at 72 hours and 4.9% at 120 hours.
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2. Theoretical Saturation and Diminishing Returns: To provide practi-
cal guidance for large-scale training, we conducted an extrapolation analysis
beyond the 18-year data threshold. While the full 47-year ERA5 archive
could be leveraged for data augmentation via SR, this extrapolation should
be interpreted as a trend analysis rather than a definitive performance esti-
mate. The fitted curves suggest that marginal performance gains may grad-
ually diminish beyond 18 years, indicating a practical trade-off where fur-
ther data expansion yields sub-linear improvements relative to the increasing
storage and I/O cost.

3. Variable-Specific Sensitivity to Data Volume: Sensitivity to data scal-
ing varies significantly by physical field: while most variables (e.g., z500, t2m)
plateau early, others like msl exhibit sustained headroom for improvement.
This heterogeneity informs our decision to standardize on an 18-year period
to optimize overall storage and I/O efficiency.

4. Efficacy of Granular Data Augmentation: Comparative analysis shows
that models trained on data generated by per-variable SR outperform those
trained on full-variable SR output at a 10-year scale. This advantage is par-
ticularly pronounced for surface variables (e.g., t2m), highlighting the value
of decoupled strategies in data synthesis.

5.3 Performance Evaluation and Benchmarking

To evaluate the model’s efficacy, we adopt a dual-perspective approach: first,
a holistic global assessment across multiple variables to establish baseline pre-
dictive skill, followed by a rigorous investigation into model robustness under
diverse extreme scenarios.

General Comparison of Variables To show the superiority of BaguanHR, we
evaluate it against both physics-based and ML-based baselines. IFS-HRES [10]
serves as the operational physics-based 0.1◦ reference. For ML baselines, we use
Baguan+swin2sr as the primary comparison, where 0.25◦ Baguan forecasts are
adapted to the 0.1◦ grid using Swin2SR. Since the first 3-day forecast is more
accurate, directly actionable, and therefore especially important, we further in-
clude GraphCast+swin2sr, Pangu+swin2sr, and Baguan+GHR for short-term
lead times. As Fengwu-GHR [12] cannot be directly replicated, Baguan+GHR is
re-implemented based on Baguan [27] as a coarse-to-fine high-resolution adap-
tation baseline.

BaguanHR surpasses the baselines (Fig. 5), improving over 85% of lead
times within 72 hours and reducing RMSE by 4.0% compared to IFS-HRES.
Specifically, BaguanHR achieves an average RMSE reduction of 5.8% at 24
hours and 9.7% at 72 hours relative to the IFS-HRES baseline. Furthermore,
BaguanHR demonstrates a clear performance edge over 0.25° outputs upscaled
via Swin2SR [8], particularly in short-range windows. While auto-regressive sys-
tems often suffer from variance loss and converge toward the ensemble mean
over time, post-processing techniques are inherently limited by the informa-
tion bottleneck of coarse-grained inputs. In contrast, BaguanHR’s end-to-end
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Fig. 5: Overall performance of BaguanHR against several baselines. ‘Baguan+GHR’
denotes the version replicated from [12]. We zoom in the first 72 hours for better
comparison among different methods.

high-resolution framework circumvents these limitations by capturing
fine-grained dynamics natively, yielding a more physically consistent and
detailed atmospheric representation.

Predictive Skill in Extreme Scenarios To evaluate BaguanHR’s reliability
in high-impact scenarios, we assess its performance across three categories of
extremes: categorical detection of intense moisture events, predictive accuracy
for both relative (percentile-based) and absolute (threshold-based) extremes.
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Categorical Extreme Event Detection. Using q850 ≥ 14 g/kg as a thermodynamic
proxy for heavy precipitation [15], we evaluate detection skill via the Threat
Score (TS; Fig. 6(a)). BaguanHR consistently outperforms both Baguan+swin2sr
and IFS-HRES, achieving gains exceeding 10% in most cases. This confirms its
superior ability to resolve the intense moisture convergence required for high-
impact events.

Percentile-based Relative Extremes. To identify statistical anomalies across lati-
tudes, we define extreme heat and cold using the local 90th and 10th percentiles
of t2m [34] (Fig. 6(b–c)). BaguanHR outperforms competitors in more than 70%
of cases, surpassing Baguan+swin2sr by 15% in the short term and maintaining
a 3% edge in long-term extremes. This highlights its precision in capturing the
“heavy-tail” thermal distributions often smoothed by lower-resolution models.

Threshold-based Absolute Extremes. To evaluate dynamical intensity, we identify
mid-latitude low-pressure systems using an absolute threshold (z850 < 13,500
m2/s2) [16] (Fig. 6(d)). BaguanHR delivers the best results, outperforming IFS-
HRES by over 30% and maintaining a significant lead over Baguan+swin2sr at
both short (1–2 days) and long (9–10 days) lead times. These results demonstrate
its capacity to reconstruct the sharp pressure gradients of severe storms.

5.4 Controlled Comparisons

We perform controlled comparisons to justify the core components of BaguanHR
across four dimensions: variable modeling (independent vs. joint), physical con-
sistency of SR fields, power spectral analysis, and optimization stability (replay
buffer and adaptive weighting).

Full-Variable vs. Per-Variable Super-Resolution Fig. 7 (a) shows the
RMSE improvement of per-variable SR over full-variable SR across variables. It
shows that per-variable SR significantly improves surface variables (e.g., 90.7%
for sp, >20% for t2m and msl) by capturing local specificities. Upper-air fields
achieve modest improvements (1.6%–4.7% for temperature and geopotential).
This suggests that unlike forecasting, SR favors intra-variable textures over cross-
variable coupling, making variable-independent modeling more effective.

Physical Consistency of SR Fields We diagnose the physical consistency
of SR-generated pseudo-labels using three diagnostics based on relative humidity
(RH), geostrophic wind speed |Vg|, and potential temperature differences ∆θ.
Their latitude-weighted correlations against the 0.1◦ analysis remain high across
pressure levels (RH ≥ 0.94, |Vg| ≥ 0.82, ∆θ ≥ 0.93), indicating that per-
variable SR preserves key moisture, dynamical, and thermodynamic structures,
alleviating concerns about physically inconsistent high-frequency artifacts. Per-
level numbers and the power-spectrum analysis are in Supplementary Sec. E.3.

Power Spectral Analysis We compute power spectral density (PSD; vari-
ance/energy as a function of spatial wavelength) for 6–72h forecasts over the full
2025 validation dataset; EC analysis denotes the corresponding year-mean PSD
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Fig. 7: (a) Relative RMSE improvement of per-variable versus full-variable super-
resolution. (b-c) Power spectral analysis of t2m and u10.

of analysis data. The results in Fig. 7 (b-c) demonstrate that BaguanHR main-
tains higher short-wavelength spectral power, effectively preserving mesoscale
structures. Conversely, the Baguan+swin2sr pipeline exhibits systematic energy
attenuation, suggesting that post-hoc SR tends to smooth fields rather than
recovering fine-scale variability from coarse inputs.

Self-Adaptive Rollout Strategy Tab. 1 validates our enhanced replay
buffer strategy. Loss weighting suppresses auto-regressive error propagation, as
its removal leads to degraded performance on long-range forecasts. Stochastic re-
placement further boosts performance by ensuring lead-time diversity. Together,
BaguanHR harmonizes divergent loss magnitudes across horizons, ensuring sta-
ble optimization and superior metrics across all variables.

Table 1: Performance comparison of different strategies on replay buffer.

Methods
T2M-72h U10-72h MSL-72h TCC-72h

RMSE↓ ACC↑ RMSE↓ ACC↑ RMSE↓ ACC↑ RMSE↓ ACC↑

w/o Random & loss weight 1.12 0.90 1.64 0.91 147.80 0.980 0.289 0.61
w/o Random 1.12 0.91 1.63 0.91 147.41 0.980 0.288 0.62

w/o loss weight 1.11 0.91 1.63 0.92 145.32 0.981 0.289 0.62

BaguanHR 1.09 0.92 1.62 0.92 144.57 0.981 0.287 0.64

5.5 Case Studies

The aforementioned capabilities of BaguanHR are further demonstrated through
the case studies of tropical cyclone and cold-air outbreak prediction.

Tropical Cyclone Prediction Tropical cyclones are among Earth’s most
hazardous weather events. While prior ML methods typically lag behind the
IFS-HRES in intensity [3, 4], BaguanHR achieves comparable intensity while
maintaining superior track accuracy. For the double-landfall cyclone CO-MAY,
BaguanHR precisely identifies two landfall sites, outperforming the IFS-HRES
track (Fig. 8(a)). Furthermore, as shown in Fig. 8(b), BaguanHR substantially
outperforms Baguan+swin2sr in both intensity and track errors.
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Fig. 8: (a) Typhoon CO-MAY tracking forecast, which is initialized at 12 UTC, 27
July 2025. (b) Forecast errors of track and intensity. (c) Case study of 2m temperature
forecast over the U.S. Great Lakes region, initialized at 00 UTC, 20 January 2025.

Cold-Air Outbreak Fig. 8(c) presents a 2m temperature (t2m) forecast
case study in a cold-air outbreak over the U.S. Great Lakes region. BaguanHR
successfully captures the spatial structure characteristics, e.g., the distinct tem-
perature characteristics over lake surfaces compared to surrounding land areas,
a level of physical detail that the post-hoc Baguan+swin2sr baseline fails to
resolve, demonstrating its superior performance in extreme value prediction.

6 Conclusion

In this paper, we present BaguanHR, a 0.1◦ global weather forecasting model
built on a data-transfer framework that leverages super-resolution-generated syn-
thetic data. We demonstrate fundamental data scaling laws in high-resolution
forecasting, showing that model performance follows a power-law improvement
with training data volume. Using synthetic 0.1◦ data, BaguanHR achieves su-
perior performance across nearly all variables, especially in the first 72 hours,
outperforming both IFS-HRES and SR-enhanced 0.25◦ models. At 10–15 day
lead times, BaguanHR brings limited gains as forecasts are increasingly con-
trolled by large-scale atmospheric patterns and fine-scale details become weakly
predictable. Building on Baguan, we are developing the NJU-Earth series as an
evolving model family for global weather forecasting, with BaguanHR as its high-
resolution component. This work will be extended toward ensemble forecasting
and operational applications such as tropical cyclone intensity prediction.
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