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Abstract

With the advancement of meteorological instruments, abun-
dant data has become available. However, due to instruments’
intrinsic limitations such as environmental sensitivity and or-
bital constraints, raw data often suffer from temporal or spatial
gaps, making it urgent to leverage data synthesis techniques
to fill in missing information. Current approaches are typi-
cally focus on single-variable, single-region tasks and primar-
ily rely on deterministic modeling. This limits unified syn-
thesis across variables and regions, overlooks cross-variable
complementarity and often leads to over-smoothed results.
To address above challenges, we introduce SynWeather, the
first dataset designed for Unified Multi-region and Multi-
variable Weather Observation Data Synthesis. SynWeather
covers four representative regions: the Continental United
States, Europe, East Asia, and Tropical Cyclone regions, as
well as provides high-resolution observations of key weather
variables, including Composite Radar Reflectivity, Hourly Pre-
cipitation, Visible Light, and Microwave Brightness Tempera-
ture. In addition, we introduce SynWeatherDiff, a general and
probabilistic weather synthesis model built upon the Diffusion
Transformer framework to address the over-smoothed problem.
Experiments on the SynWeather dataset demonstrate the effec-
tiveness of our network compared with both task-specific and
general models. Moreover, SynWeatherDiff is able to generate
results that are both fine-grained and accurate in high-value
regions. Through the dataset and baseline model, we aim to
advance meteorological downstream tasks and promote the
development of general models for weather variable synthesis.

Website — https://dtdtxuky.github.io/SynWeather-Proj/
Code — https://github.com/Dtdtxuky/SynWeather

Introduction

With the development of various meteorological observation
instruments, including geostationary satellites, polar-orbiting
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Figure 1: Overview of datasets and pipelines in weather vari-
able synthesis. Compared to existing single-region, single-
variable and deterministic modeling, SynWeather enables
general multi-region, multi-variable probabilistic modeling.

satellites and radar systems, a wide range of weather data has
become available (Schmit et al. 2017; Bessho et al. 2016).
Such data have contributed to advancements in weather fore-
casting, disaster monitoring, and climate research (Bauer,
Thorpe, and Brunet 2015; Joyce et al. 2009; Stephens et al.
2002) and have been used to form various datasets (Zhou
et al. 2025; Zhao et al. 2025; Wang et al. 2025). However, due
to the intrinsic characteristics and deployment constraints of
the aforementioned instruments, original weather data face
limitations in both temporal and spatial coverage. For in-
stance, radar observations often suffer from sparse coverage
in regions with complex terrain or limited economic devel-
opment (Germann et al. 2022; Ovchynnykova, Svazas, and
Navickas 2025). Similarly, visible satellite images are also



unavailable at night (Harder et al. 2020; Pasillas et al. 2024).

To bridge these gaps in spatial and temporal coverage,
weather variable synthesis has emerged as a significant
area of research (Oliver and Webster 1990; Liu et al. 2023;
Hayawi, Shahriar, and Hacid 2025). Recent methods have
used satellite infrared and microwave observations to recon-
struct Composite Reflectivity (Stock et al. 2024; He et al.
2025b), estimate precipitation fields (Gorooh et al. 2022; Can-
non et al. 2024), and generate visible light on night (Harder
et al. 2020; Chirokova et al. 2023). Li, Tan, and Bai first used
diffusion models conditioned on high-resolution geostation-
ary infrared data to extend the spatial coverage of microwave
observations. Apart from these task-specific models, Weath-
erGFM (Zhao et al. 2024) as a general model has also been
applied to a variety of weather understanding tasks, including
radar and visible light synthesis.

However, weather variable synthesis is still limited in
the following aspects: (1) Lack of Global-Scale and Multi-
Variable Observations Dataset: Most existing datasets for
weather variable synthesis are limited to single-region or/and
single-variable. For example, HKO-7 (Shi et al. 2017) and
SEVIR (Veillette, Samsi, and Mattioli 2020) focus solely on
radar-related variables over Hong Kong and the Continental
United States (CONUS), respectively. While some global
datasets like RainBench (Schroeder de Witt et al. 2020) in-
clude multiple weather variables, these are mostly derived
from reanalysis rather than observation. Moreover, due to
the limited geographical coverage, existing datasets rely on a
single satellite source. For instance, SEVIR (Veillette, Samsi,
and Mattioli 2020) only uses three GOES satellites, and Dig-
ital Typhoon (Kitamoto et al. 2023) only uses one Himawari
channel. (2) Customized Deterministic Modeling: Current
weather variable synthesis methods use a special network for
a particular weather variable synthesis task. Besides, these
methods are often deterministic models trained with pixel-
wise squared loss. As a result, the outputs are often overly
smooth and unable to capture high-intensity areas during
severe weather events. Moreover, different regions and obser-
vation variables can be viewed as multi-modalities reflecting
the atmospheric state, but existing datasets and modeling
overlook their cross-modal complementarities. In summary,
weather variable synthesis faces an important challenge: How
to perform general-purpose generative modeling of multiple
weather observation variables across multiple regions?

To address the above challenge, we first introduce Syn-
Weather, a dataset that supports unified multi-region and
multi-variable weather variable synthesis. The dataset spans
four key regions: the CONUS, Europe, East Asia, and Tropi-
cal Cyclone regions (TC regions), and integrates 10 channels
infrared observations from corresponding global geostation-
ary satellites (GOES-16/17/18, Meteosat-11, and Himawari-
8/9) to synthesize a variety of weather variables including
composite reflectivity (CR), precipitation, visible light, and
microwave brightness temperature (MWBT). Building upon
SynWeather, we design six standard tasks and one out-of-
distribution (OOD) task to comprehensively evaluate weather
variable synthesis models. We further propose SynWeath-
erDiff, a general-purpose weather synthesis model built on
a diffusion transformer. It leverages text prompts to guide
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the generation of diverse weather variables across different
regions and satellite sources. By adopting a probabilistic mod-
eling framework, SynWeatherDiff is capable of generating
fine-grained spatial structures and recovering high-intensity
regions, which are often missed by deterministic models.
Moreover, the synthesized results can serve as valuable in-
puts for both nowcasting (Gong et al. 2024b; He et al. 2025a;
Xu et al. 2025) and medium-range forecasting systems (Chen
et al. 2025a), as well as data assimilation (Sun et al. 2025).
Our main contributions can be summarized as:

* We construct SynWeather, the first standardized dataset
supporting unified multi-region and multi-variable
weather observation data synthesis tasks.

* We propose SynWeatherDiff, the first generative and prob-
abilistic framework that unifies many variables and re-
gions under a single text-prompt-driven interface.

» Extensive experiments demonstrate the effectiveness of
SynWeatherDiff over both task-specific and general mod-
els, particularly in generating fine-grained details.

SynWeather Dataset
Dataset Collection

The input data are collected from all infrared channels of six
geostationary satellites (i.e., GOES-16/17/18, Himawari-8/9,
and Meteosat-11) and could seamlessly cover the four target
regions as shown in Fig. 2. These satellites capture full-disk
images every 10—15 minutes at spatial resolutions from 0.5 to
4 km. The target weather variables are sourced from authorita-
tive datasets in each respective region: composite reflectivity
(CR) from the GREMLIN CONUS3 dataset (Hilburn 2023)
and 1-hour quantitative precipitation estimates (QPE) from
Multi-Radar Multi-Sensor (MRMS) in the CONUS; radar
gauge fused precipitation from EURADCLIM (Overeem
et al. 2023) in Europe; satellite-based precipitation from
Global Precipitation Measurement (GPM) mission in East
Asia; and microwave brightness temperatures (MWBT) from
AMSR-2 and GMI provided by the Tropical Cyclone Precipi-
tation, Infrared, Microwave, and Environmental Dataset (TC
PRIMED) (Razin et al. 2023) for TC regions. Details of the
data coverage and composition are summarized in Table 1.

Dataset Processing

Since the original inputs and targets vary temporally and
spatially, all data are first standardized to a unified resolu-
tion of 1-hour and 4-kilometer and aligned by the closest
timestamps. To ensure consistent input size for training, all
regional data are cropped to 256 x 256 patches using a slid-
ing window with a 128-pixel stride. However, not all patches
contain meaningful signals; therefore, we set two thresholds
v1, 2 and keep patches that contain connected components
formed by pixels that exceed v, in value with sizes larger
than v-. Finally, to align variable ranges, we log-transform
precipitation for its long-tailed distribution, followed by min-
max normalization. For other variables, we directly apply
min-max normalization.
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Figure 2: Overview of SynWeather. SynWeather is a comprehensive dataset that covers four distinct regions and four key weather
observation variables, integrating data from six satellite sources as a condition to support seven synthesis tasks. Extensive
evaluations are conducted on seven models, comprising both task-specific and general synthesis models.

Input Target
Data
N Spatial Spatial Sample numbers Year
egton Satellite Band P Variable Source P
Res. (km) Res. (km)
CR GREMLIN CONUS3 Dataset 3 142k
CONUS GOES-16 C07-16 2 . 2020-2022
Precipitation MRMS 1 20k
IR_016-134 Visible light Meteosat-11 3 372k
Europe Meteosat-11 - 3 1sie e eteosa 2019-2021
WV_062-073 Precipitation EURADCLIM 1 25k
. . . Visible light Himawari-8 2 503k 2019-2021
East Asia Himawari-8 C07-16 2 .
Precipitation GPM 10 15k 2021.7
TC GOES-16/17/18 C07-16 AMSR-2 Tx12, 3x5
. . . 2 MWBT 9k 2015-2023
Region Himawari-8/9 C07-16 GMI 8.6x14, 4.4x7.2

Table 1: Detailed information of SynWeather. S

Dataset Statistics

Apart from the MWBT collected event-wise during tropical
cyclones in the TC PRIMED dataset (Razin et al. 2023), all
other SynWeather variables are sampled continuously at fixed
intervals, resulting in a relatively balanced number of raw
samples across variables. However, because precipitation is
inherently sparse in space and time, many samples contain
little or no rainfall. After removing these non-precipitating
cases, the number of valid precipitation patches becomes sub-
stantially smaller than for other variables. Table 1 summarizes
the sample counts, showing that visible imagery accounts for
the largest share, followed by CR, while precipitation and
MWBT remain comparatively limited.

Proposed Baseline: SynWeatherDiff
One major challenge in weather data synthesis is the diver-
sity of satellite sources and observed variables across differ-
ent regions and types. Under such conditions, a specialized
modeling strategy requires training separate models for each
region-variable pair, resulting in considerable computational
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patial resolution is denoted as*“Spatial Res”

and operational overhead. However, many weather variables
are often physically correlated. For instance, precipitation
can be inferred from CR using a Z-R relationship (Wu et al.
2018; Peng et al. 2022), highlighting the potential for joint
modeling across variables. Inspired by these observations,
we propose SynWeatherDiff, a text-prompt-based general
model that enables unified modeling and conditional genera-
tion across multiple regions and variables similar to unified
models in natural images (Chen et al. 2025b; Pu et al. 2025).

Problem Formulation

Based on the SynWeather, we define seven weather obser-
vation variable synthesis tasks, including six standard tasks:
sis over CONUS and Europe, (iv, v) visible light synthesis
over East Asia and Europe, and (vi) MWBT synthesis over
tropical cyclone regions, as well as a out-of-distribution task:
precipitation synthesis over East Asia. For each task, we
compare specialized models (trained on region- and variable-
specific data) with a general model (trained on all regions
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Figure 3: An overview of our SynWeatherDiff. The target variables are projected into a unified latent space using a general
autoencoder. The satellite inputs are processed through a ViT-based encoder to extract features. A task-specific text prompt is
encoded using a fine-tuned CLIP text encoder. The text tokens serve as conditional information to guide Text-Guided DiT for

different weather synthesis tasks.

and variables). For single tasks, the specialized model f; 3
maps satellite observations X, € RE*H*W o weather ob-
servation variables Y, ; € RIXHXW.

Y'r‘,b = fr,b(XT)y (1)
where r denotes the target region, including CONUS, Europe
(Eur), East Asia (EA), and TC regions. And b represents the
type of weather observation variable, containing CR, Precipi-
tation (Prec), Visible Light (Vis) and MWBT; for OOD tasks,
the specialized model f,.;, generalizes as:

OOD
YEA,Prec = fh ,Prec(XEA)7

where r; € {CONUS, Eur}.

In addition, we introduce a general model g to perform all
types of weather variable synthesis tasks, which takes both
the satellite observation X, and text prompts P, ;: “Synthe-
size the b variable over the r region using corresponding
satellite imagery. ” as inputs to guide the generation of Y. ;:

@)

Yr,b = g(XT7 PT',b)v (3)
Similarly, the OOD tasks are represented as:
Yk Pree = 9(XBA, Ppa Prec)- )

Network Architecture

Fig. 3 outlines the architecture of our general weather variable
synthesis model, SynWeatherDiff. Firstly, it uses a general
autoencoder that encodes all weather variables into a shared
latent space. And then, a diffusion transformer-based denois-
ing network is trained to perform conditional generation in
the latent space, guided by both the encoded satellite inputs
and a task-specific text prompt.
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General AutoEncoder. Unlike natural images, meteoro-
logical images often contain redundancy (Luo, Xu, and Ji
2015). It is rare to observe precipitation or typhoons across
areas spanning hundreds or thousands of kilometers at the
same time. Therefore, even after careful filtering, meteo-
rological images still include background areas that offer
limited meteorological value. In addition, some weather vari-
ables also exhibit physical similarity and thus have the po-
tential to complement each other. The above characteristics
motivate us to compress various weather variables into a
shared latent space. Following (Rombach et al. 2022), we
train a general autoencoder using a combination of pixel-
wise reconstruction loss, KL divergence loss, and adversarial
loss. Specifically, the encoder encodes each weather obser-
vation variable Y,.,, € R XW into latent representation
Zrp € RC=xH-xW= and the decoder reconstructs it as Y;,b.

Text-Guided Diffusion Transformer. During this stage,
the diffusion transformer learns to recover clean latent repre-
sentations of different weather variables from their noisy ver-
sions, under the guidance of satellite inputs and task-specific
prompts. For each region-variable pair (r,b), we define a
prompt P, ; following the format: “Synthesize the b vari-
able over the r region using corresponding satellite imagery.”
This prompt is embedded using a pretrained CLIP text en-
coder (Radford et al. 2021), with only the final transformer
block fine-tuned to adapt to the weather synthesis domain.
Similarly, the satellite observation input X,. is encoded by a
ViT-based encoder that is jointly trained with the diffusion
transformer to extract features. In contrast to SD3 (Esser
et al. 2024), SynWeatherDiff adopts an early fusion strategy:



CR Synthesis

Precipitation Synthesis

Task name CONUS CONUS Europe
Metric RMSE| CSI/251 CSI/351 CSI/40t RMSE|] CSI2t  CSI/5St  CSI/15t RMSE| CSI2t  CSI/5T
SRViT* 3.561 0.277 0.120 0.069 - - - - - -
Deep-STEP* - - - - 0.916 0.262 0.111 0.007 0415 0.083 0.016
TomoPE* - - - - 0.986 0.247 0.149 0.036 0.413 0.060 0.009
UNet* 3.395 0.299 0.069 0.023 0.976 0.231 0.166 0.059 0.641 0.035 0.016
ViT* 3.487 0.309 0.141 0.089 0.981 0.250 0.157 0.038 0.497 0.083 0.044
WeatherGFM' 3.124 0.366 0.166 0.086 1.049 0.288 0.198 0.090 0.714 0.018 0.013
SynWeatherDiff”  2.820 0.382 0.158 0.101 0.976 0.312 0.223 0.113 0.569 0.084 0.079
Visible Light Synthesis MWBT Synthesis
Task name East Asia Europe Tropical Cyclone Region
Metric SSIMt  PSNRT CSI/501  SSIMT  PSNRT CSI/501 RMSE|  SSIMt  PSNRT LPIPS| CSI/3001
ViT# 0.870 20.87 0.672 0.860 24.03 0.496 4.768 0.783 21.56 0.324 0.792
UNet" 0.917 21.67 0.711 0.878 24.82 0.556 5.803 0.816 20.6 0.329 0.741
WeatherGFM' 0.822 18.43 0.465 0.836 22.26 0.396 4.979 0.828 21.86 0.325 0.777
SynWeatherDiff"  0.868 19.79 0.690 0.864 23.65 0.508 4.456 0.837 22.33 0.254 0.795

Table 2: Quantitative results on standard weather synthesis tasks. # specialized model. T: general model trained with all six
weather variable synthesis. Best results are bold, second-best are underlined.

the noisy latent z;.; is first concatenated with satellite en-
coder features and then patchified. These patches are further
concatenated with the embedded prompt tokens and passed
through the self-attention layers of the diffusion transformer
to perform conditional denoising. The training objective in
this stage is to predict noise loss as follows:

2
£=Feppen [[lohot, X, Pra) = ell3] . )
2y =Var - zp+V1I— e, (6)

where € (+) is the noise predicted by the DiT. ¢ ~ N(0, 1),
and & is the cumulative noise schedule product.

Experiments
Evaluation Protocol

We evaluate performance using three metric categories:
Event detection accuracy: We first use the Critical Suc-

cess Index (CSI), a common metric in weather variable syn-

thesis (Schaefer 1990; Gong et al. 2024a). It is defined as:

B TP
" TP+ FP +FN’

where TP, FP, and FN denote true positives, false positives,
and false negatives. Due to varying variable ranges, we apply
task-specific CSI thresholds: 25, 35, 40 for CR synthesis and
2, 5, 15 for precipitation. For visible light and MWBT, we
focus more on perceptual quality. Therefore, we adopt coarse
thresholds of 50 and 300.

Regression quality: In addition to thresholds CSI, we
report the Root Mean Squared Error (RMSE) to measure
pixel-wise differences between predictions and ground truth.

CSI (N
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Perceptual similarity: Finally, to assess perceptual sim-
ilarity, we employ the Structural Similarity Index (SSIM),
Peak Signal-to-Noise Ratio (PSNR), and Learned Perceptual
Image Patch Similarity (LPIPS).

Benchmark Setup

We benchmark against three categories of models: (i) general
models: WeatherGFM (Zhao et al. 2024) that focus on multi-
variable synthesis but lack regional generalization; (ii) task-
specific models: SRVIT (Stock et al. 2024) for vertically
integrated liquid (VIL) and Deep-STEP (Gorooh et al. 2022),
TomoPE (Cannon et al. 2024) for precipitation; (iii) popular
deep learning models: UNet and ViT adapted for satellite-
to-variable mapping. All models are trained using a unified
protocol on SynWeather.

Implementation Details

We train SynWeatherDiff for 600K steps with a batch size of
16 on 4x80GB NVIDIA A100 GPUs. The model is optimized
using AdamW with a cosine learning rate scheduler, decaying
the learning rate from Se-4 to le-5.

Experiment Results

SynWeatherDiff achieves strong universal capabilities.
As shown in Table 2 and Fig 4, SynWeatherDiff, guided by
task-specific text prompts, successfully synthesizes multiple
weather variables across different regions using heteroge-
neous satellite sources. It outperforms the existing gener-
alist model, WeatherGFM, across most tasks. Furthermore,
SynWeatherDiff is capable of distinguishing and generating
different variables from the same satellite input, such as syn-
thesizing both CR and precipitation over CONUS, visible



UNet

Satellite Input

Task prompt

Synthesize the
precipitation
imagery over the
CONUS region
using GOES
satellite imagery

CONUS
Precipitation

Synthesize the CR Yo % =
imagery over the b
CONUS region -
using GOES
satellite imagery

CONUS CR

Synthesize the
precipitation
imagery over the
Europe region
using Meteosat
satellite imagery

Europe
Precipitation

Synthesize the
visible light
imagery over the
East Asia region
using Himawari
satellite imagery

East Asia
Visible light

Synthesize the
visible light
imagery over the
Europe region
using Meteosat
satellite imagery

Europe
Visible light

Synthesize the
MWBT imagery
over the Tropical

Cyclone region
using Himawari
/GOES imagery

Tropical Cyclone
Region MWBT

ViT WeatherGFM = SynWeatherDiff Ground Truth
i ) L B -
o % .‘ r”' % l L % < vy %: ~<
o é a4’ &
~a ~- N N S

Figure 4: Visual results of the weather synthesis standard tasks by our SynWeatherDiff and other models.

light and precipitation over Europe. This highlights our Syn-
WeatherDiff‘s strong universality and flexibility, attributed to
the task-specific text prompts.

SynWeatherDiff outperforms specialized models across
most synthesis tasks. As shown in Table 2, SynWeath-
erDiff achieves state-of-the-art CSI performance with compa-
rable RMSE performance for precipitation synthesis, which is
more challenging and critical in meteorological applications.
In the visible light synthesis task, UNet achieves better results
than SynWeatherDiff as it operates directly in pixel space.
Visible light data contains abundant high-frequency details,
which are difficult to reconstruct through the autoencoder
used by SynWeatherDiff. Nevertheless, with improvements
to the autoencoder, SynWeatherDiff holds promising poten-
tial to surpass specialized models across all tasks.

SynWeatherDiff demonstrates a strong ability to generate
results with both fine-grained and high-value details. In
Fig 4, SynWeatherDiff clearly outperforms UNet, ViT and
WeatherGFM in generating fine-grained details. The latter
three models produce fewer individual cells, which can be
attributed to two factors: (1) weak signals being overlooked;
(2) multiple small weather cells tend to merge into larger
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areas, which smooths out boundaries and removes important
local details. For high-value regions, ViT and WeatherGFM
can barely recover some intensity centers in CR but fail to
reconstruct the surrounding convective structure. UNet per-
forms worse, often missing the intensity centers entirely in
both CR and precipitation tasks. In contrast, SynWeatherDiff
successfully restores the number and distribution of individ-
ual scattered cells. It also accurately captures the location
and shape of intensity centers, closely matching the ground
truth. These observations are consistent with the quantita-
tive results in Table 4. SynWeatherDiff achieves higher CSI
scores and demonstrates superior performance in generating
fine-grained patterns and high-intensity events.

Ablation Studies and Exploration

Exploration of different task sampling ratios. In this sec-
tion, CONUS CR, CONUS precipitation, Europe visible light
and MWBT synthesis are set as the main task with a 0.5 sam-
pling ratio in turn, with the other five tasks each at 0.1. Table
3 reveals three findings. (1) CR synthesis helps CONUS pre-
cipitation (as the Z-R relationship makes CR a strong prior,
and its large sample size and convective pattern capturing
ability benefit precipitation modeling ) and MWBT synthesis



S . . CONUS Precipitation CONUS CR Europe Visible Light MWBT
ampling Setting

RMSE CSI’2 CSI/15 RMSE CSI25 CSI/35 SSIM  PSNR CSI/70  SSIM  LPIPS PSNR
Uniform (%) 0976 0312 0.113 2.82 0.382 0.158  0.864 23.65 0.172  0.837 0.254 22.33
CONUS CR (3) 0961 0320 0.137 2.69 0.403 0.187 0.857 23.33 0.168  0.843 0.252  22.50
CONUS Prec(%) 0974 0.292  0.087 2.88 0.343 0.110  0.855 23.34 0.166  0.841 0.258 22.15
Europe Vis (%) 1.014 0.298  0.115 2.77 0.377 0.145  0.877 24.16 0.185 0.842 0.254 22.51
MWBT (%) 1.001 0.295 0.112 2.77 0.374 0.141 0.879 24.13 0.184 0.842 0.254  22.38

Table 3: Ablation study on task sampling ratios. In each setting, the primary task is assigned a sampling ratio of 0.5, while the
remaining five tasks are set to 0.1. We denote each experiment by the name of the primary task along with its sampling ratio.

Best results are bold, second-best are underlined.
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Figure 5: The effect of input channel is analyzed across six
tasks, focusing on four groups: (1) SWIR (shortwave in-
frared), (2) WV (water vapor channels), (3) LWIR (longwave
infrared channels), and (4) GAS (gas absorption channels).

(since CR from ground-based S-band radars shares a simi-
lar physical domain with satellite-based sensors and offers
higher spatial resolution ). Thus, a higher CR task sampling
ratio than uniform sampling boosts both. (2) Visible light and
MWRBT tasks benefit each other. When Europe’s visible light
or tropical cyclone MWBT synthesis is the main task, they
surpass uniform sampling. This is because the visible band
and MWBT have spatial correspondence in strong convective
systems, aiding cross-task knowledge transfer. (3) CR task
performance gains mainly come from the increased number
of training samples. It does not benefit from interactions with
other tasks. Notably, the CR task only improves when CR
synthesis is set as the main task. Also, there are conflicting
tasks like CR and visible light synthesis. Therefore, choos-
ing a proper task ratio to balance mutually beneficial and
conflicting tasks is key for overall performance gains.

Exploration of different input channels. We choose all
10 infrared channels instead of the usual 3-channel setup,
and divided them into four groups based on spectral range
and atmospheric sensitivity (SWIR, WV, LWIR, GAS). Ab-
lation experiments involved removing each group to assess
its contribution to synthesis performance. Fig. 5 shows that
removing any group worsens all synthesis tasks. Detailed
analysis indicates that water vapor and longwave infrared
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channels are vital for precipitation and radar reflectivity syn-
thesis, while shortwave infrared channels are more important
for visible light synthesis. For example, in the East Asia vis-
ible light task, removing the SWIR channel alone causes a
bigger performance drop than removing all LWIR channels.
Gas absorption channels have less impact on visible light
synthesis. For MWBT synthesis, removing any single group
reduces performance, but the overall effect is small.

Metric RMSE SSIM PSNR CSI2 CSI/5
UNet" 1.383  0.671 30.02 0.161 0.076
viT? 1233 0749 2949 0232 0.103
SynWeatherDiff’  1.150  0.771  29.80 0.235  0.108

Table 4: Quantitative results on OOD weather synthesis tasks.
# specialized model. ': general model. Best results are bold,
and second-best are underlined.

Exploration on out-of-distribution tasks. To evaluate the
generalization ability of SynWeatherDiff, we conduct OOD
experiments on East Asia precipitation synthesis. Table 4
shows that SynWeatherDiff surpasses the specialized model
trained exclusively on CONUS precipitation, demonstrating
superior generalization across both region and variable. This
not only highlights the advantages of using text prompts for
flexible task control but also shows that different variables
can complement each other in a general model, compared
to region-specific and single-variable models. Nevertheless,
inference under the current prompt-based framework is also
constrained to the specific regions and variables that were
individually present in the training set.

Conclusion

We construct the first multi-region and multi-variable weather
observation data synthesis dataset (i.e., SynWeather) and
introduce a general diffusion-based model as a baseline (i.e.,
SynWeatherDiff). By introducing text prompts to guide the
synthesis process, SynWeatherDiff flexibly generates diverse
weather variables across multiple regions within a unified
framework. We conduct a comprehensive analysis of task
sampling ratios and the input channel. Through the proposed
dataset and baseline model, we aim to facilitate research
in weather synthesis and inspire the development of future
generalist models for weather-related downstream tasks.
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