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Figure 1: Illustration of Omni-Weathers unified capabilities.
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Weather modeling requires both accurate prediction and mechanistic interpreta-
tion, yet existing methods treat these goals in isolation, separating generation from
understanding. To address this gap, we present Omni-Weather, the first multi-
modal foundation model that unifies weather generation and understanding within
a single architecture. Omni-Weather integrates a radar encoder for weather gen-
eration tasks, followed by unified processing using a shared self-attention mecha-
nism. Moreover, we construct a Chain-of-Thought dataset for causal reasoning in
weather generation, enabling interpretable outputs and improved perceptual qual-
ity. Extensive experiments show Omni-Weather achieves state-of-the-art perfor-
mance in both weather generation and understanding. Our findings further indi-
cate that generative and understanding tasks in the weather domain can mutually
enhance each other. Omni-Weather also demonstrates the feasibility and value of
unifying weather generation and understanding.The code and dataset are publicly
available at https://github.com/Zhouzone/OmniWeather
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1 INTRODUCTION

A significant trend in Al research is the rise of foundation models that unify generation and under-
standing within a single architecture. Multimodal LLMs such as InternVL Chen ef all (20246), Uni-
Gen Manef-all (2075), and Lumina-omnilv Pu_efall (2075) demonstrate that perception and synthe-
sis can be integrated seamlessly, achieving strong generalization across visual and textual domains.
These advances highlight the opportunity to extend unified generationunderstanding paradigms to
weather domain, where both predictive accuracy and interpretability are essential.

Recently, weather generation and understanding tasks have made notable progress. On the gener-
ation side, nowcasting models such as PreDiff Gao_ef-all (2023), DiffCast Yu_efall (2024, and
CasCast Gong_ et al] (2074) forecast convective evolution from radar sequences, supporting early
warnings of hazards like flooding. Radar inversion methods He ef all (2125K) further reconstruct
radar observables from satellite channels, enabling precipitation monitoring in regions without radar
coverage. On the understanding side, models such as RadarQA He'ef all (20754) and WeatherQA M3
ef all (2074)) generate diagnostic reports or identify severe weather impacts from atmospheric fields.
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Despite these advances, unified architectures

erGFM Zhao et all (2024)) excel at forecasting 1
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need for mechanistic interpretation. Moreover, Rijgure 2: Comparison between separated archi-
extreme events such as rapid intensification (ectures for weather understanding / generation

of cyclones demand models that can not only (top) and unified framework with shared self-
predict hazardous outcomes but also explain  jytention (bottom).

the underlying drivers for actionable decision-

making. Current studies isolate these linksgenerative nowcasting models do not understand radar
observations, yet MLLMs do not predict radar variables. Bridging this gap with a foundation model
that unifies generation and understanding is therefore an urgent requirement for weather domain.

To this end, we propose Omni-Weather, a unified multimodal foundation model for both weather
generation and understanding. By consolidating these tasks within a shared backbone (Figure 0,
bottom), we further propose a Chain-of-Thought dataset tailored for causal reasoning in generation
tasks, which enables Omni-Weather to be finetuned with explicit reasoning supervision and to per-
form thinking inference. Through this integration, Omni-Weather bridges predictive accuracy with
interpretability, marking a step toward reasoning unified foundation models for weather.

The main contributions of this work can be summarized as follows:

* We introduce the first multimodal foundation model in weather that jointly addresses both
generation tasks (e.g., nowcasting, inversion) and understanding tasks (e.g., diagnostic rea-
soning, question answering) within a single model.

* We demonstrate that training both generation and understanding tasks together provides
complementary supervision signals, enabling Omni-Weather to learn more transferable rep-
resentations of storm evolution and improving performance on both sides.

* We propose a Chain-of-Thought (CoT) dataset and explore its integration into weather gen-
eration, enhancing perceptual quality and interpretability as a first step toward explainable
generative modeling in weather domain.
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2 RELATED WORK

Weather generation models. Weather generation models aim to synthesize physically consistent
weather fields from historical or multi-modal observations Han ef all (2024); Chen ef all (2023); Gao
et all (Z023); Miefall (2074); Gaoefall (2027); Cam-efall (Z023). Examples include DiffSR He'ef al

(P075HK), which reconstructs composite radar reflectivity from satellite infrared and lightning inputs,
and CasCast Gong et al] (2024), which predicts precipitation evolution from past VIL sequences.
More recently, foundation-scale approaches such as ClimaX Nguyen et all (2023), FengWu Chen
ef-all (2023); Han ef all (2074), extend transformer architectures to climate and weather forecasting,
while WeatherGFM Zhaao et all (2024) introduces in-context learning for generalist nowcasting and
inversion. Despite their effectiveness in generation, these models do not address understanding or
reasoning, leaving interpretability and evaluation largely unexplored.

Weather understanding models aim to interpret weather signals and provide human-readable in-
sights, often through natural language or diagnostic reasoning. Early studies adapt pretrained lan-
guage models such as ClimateBERT Webersinke ef all (Z021); Schimanskief all (2023) and Cli-
mateNLP Krishnan & Anoop (Z023) to analyze textual weather reports, focusing on tasks such as
climate risk assessment, report classification, and domain adaptation. More recent work empha-
sizes multimodal inputs, combining imagery with text. For example, WeatherQA Ma et all (2024)
takes 20 images of atmospheric parameters to predict regions impacted by severe convection, while
RadarQA He“ef all (P00754) leverages both radar observations and numerical forecasts to generate
expert-like quality assessment reports. These approaches demonstrate the feasibility of applying
large language models to meteorology, but they remain limited to understanding tasks alone. In par-
ticular, existing models specialize in either textual analysis or visual reasoning without integrating
predictive generation, leaving the connection between physical simulation and diagnostic interpreta-
tion underexplored.

Unified multimodal models integrate visual understanding and generation within a single architec-
ture, leveraging advances in LLMs and diffusion models Chen efall (Z0254; 2024hk;a; PO25H); Pi
ef all (2029); Zhao et all (2024); lZhna et all (2025); Ning et al] (20235). In addition to architectural
unification, generalized domain prompt learning improves accessibility and transferability of scien-
tific VLMs Cao_ef-all (Z025). Cao’ef-all (Z024) propose latent knowledge-guided video diffusion
to generate scientific phenomena from a single initial frame. Transfusion Zhonef-all (2074) unifies
text prediction and image diffusion within a single transformer trained end-to-end on both modalities.
LMFusion Shiefall (2024) adapts pretrained text-only LLMs by freezing language modules and in-
troducing parallel image-specific branches for efficient multimodal generation. MetaMorph [[ong
ef_all (20024)) employs Visual-Predictive Instruction Tuning (VPiT) to enable LLMs to jointly pre-
dict text and continuous visual tokens from multimodal instructions. MetaQuery Pan_ef-all (P025)
connects frozen MLLMs with diffusion decoders using learnable queries, enabling generation with-
out compromising understanding capabilities. BLIP3-o Chen ef all (Z00254) sequentially combines
autoregressive modeling and diffusion to generate CLIP-aligned visual features, achieving state-of-
the-art performance across modalities. BAGEL Deng et all (Z023) scales unified modeling through
pretraining on interleaved text-image-video data, demonstrating emergent multimodal reasoning and
manipulation abilities.

3 METHOD

In this section, we first introduce a unified representation of weather generation and understand-
ing tasks, where radar nowcasting, radar inversion, and radar image / sequence understanding are
formulated under a consistent sequence-to-sequence paradigm. We then present Omni-Weather, a
multimodal foundation model that integrates these tasks within a shared backbone, with a detailed
exposition of its architecture, modality-specific encoders, and multi-task training objectives. Finally,
we describe the integration of chain-of-thought reasoning, including the construction of causal anno-
tations and their incorporation in both training and inference, which not only enhances interpretabil-
ity but also improves the perceptual quality of weather forecasts.
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Figure 3:Framework and Task paradigm of Omni-Weather.

3.1 UNIFIED REPRESENTATION OFWEATHER GENERATION AND UNDERSTANDING TASKS

Weather modeling encompasses a wide range of objectives, from predicting future raddsaelds

et al.(2022 to generating textual assessments of forecast qudditgt al.(20253. To systematically
organize this diversity, we categorize the tasks into two growesither generatignwhich focuses

on producing future or cross-modal meteorological eldsather understandingvhich requires
generating natural-language descriptions and evaluations. To support both categories, we leverage
the SEVIR dataseteillette et al.(2020, which provides time-aligned radar and satellite sequences

of severe weather events. Below, we detail our task paradigm corresponding to each category.

Weather Generation. Radar nowcasting aims to predict the short-term evolution of precipitation
elds. Speci cally, given ten VIL frames, the model generates the subsequent twelve frames, thereby
forecasting the spatio-temporal dynamics of convective systems. Radar inversion focuses on trans-
lating satellite observations into radar-derived quantities. In this task, two infrared channels (IR069
and IR107) are provided as input, and the objective is to reconstruct the corresponding VIL eld,
which requires a cross-modal mapping between satellite imagery and radar measurements.

Weather Understanding. Radar understanding tasks require the model to generate natural-language
descriptions or structured assessments from radar observations and model forecasts. The input can
be either a single VIL frame or a temporal sequence of frames, while the output is expected to cover
key aspects, including storm morphology, intensity, temporal evolution, and forecast quality (e.g.,
misses or false alarms). This formulation follows Radar@&et al.(20253, where textual reports

for frame and sequence are designed to support expert interpretation beyond traditional weather
forecast metrics, which not only aligns more closely with real-world meteorological analysis, but
also uni es image-level and sequence-level evaluation.

Formally, each task can be uni ed under a mapping X ! Y, whereX denotes the input data
andY the target output. For example, in radar understandihgorresponds to a predicted and
observed VIL sequence pair, whik is a textual assessment of its quality and dynamics. This
uni ed formulation provides a consistent modeling view across generation and understanding tasks,
enabling a single architecture to learn from heterogeneous meteorological data.
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3.2 OMNI-WEATHER: FOUNDATION MODEL FORWEATHER GENERATION AND
UNDERSTANDING

Uni ed multimodal Model. Inspired by recent advances in uni ed multimodal foundation models
such as Bagel-7B-MoDeng et al(2025, we design Omni-Weather to handle bgénerationand
understandingasks within a single architecture. Instead of training separate models for each ob-
jective, all tasks are expressed in a consistent sequence-to-sequence format. Given a task-specic
promptp,, a radar sequence input and target outpuy; (e.g., future radar sequence or radar assess-
ment report), the model learns the mapping

Yo = F (piiXe); (3.1)

whereF denotes the shared transformer backbone. This formulation allows a single model to
exibly switch across tasks by conditioning gm while maintaining uni ed training.

Architecture. As shown in Figure3, Omni-Weather uni es generation and understanding within

a single backbone by embedding all task prompts throughekieencoder thereby ensuring a
shared textual space for conditioning across diverse tasks. In contrast, generation and understanding
tasks have varying feature processing approches for vision modal. Speci callRdear Image /
Sequence Understandingsual inputs (e.g., a single VIL frame or a twelve-frame VIL sequence)

are encoded by thenderstanding encodeand concatenated with the corresponding text prompt;

the fused tokens are subsequently processed by shared self-attention layers, tartidbeoder
produces natural-language descriptions. Radar Inversion satellite channels are embedded by
thegeneration encodefused in the shared self attention layers, and decoded byARedecodeto
reconstruct the VIL eld. FolRadar Nowcastingasks, ten input VIL frames are encodedragar
sequence encodefSpeci cally, we instantiate this temporal encoder with EarthFor@ao et al.

(2022 to provide motion-aware tokens that stabilize long-horizon dynamics and improve temporal
coherence. Since directly forcing the backbone to learn multi-frame evolution with Gen Encoder
proved less stable, conditioning the shared attention layers on EarthFormers temporally aggregated
tokens preserves the uni ed pipeline while injecting reliable temporal structure. Conditioned on the
fused representation, tMAE decodeputputs the forecast sequence of the next twelve VIL frames.

Training Objectives We initialize Omni-Weather from the pretrained Bagel-7B-MoT, which pro-
vides a strong multimodal backbone trained on large-scale general data. Building on this foundation,
we conduct domain-speci ¢ supervised netuning jointly across all weather tasks.

Formally, let {() be the modality-speci ¢ encoder for taskThe model input sequence is de ned
as

Xy = ext(Pt)s t(X); ¢ (3.2)

where ; are optional conditioning tokens (e.g., temporal embeddings produced by the nowcasting
encoder). The shared backbone produces contextualized tokens

(
G (f (Xt)); t2Tgen;
= 3.3
7L x): 2 Tue ! 53

Here,f () is the shared encoder/backbone that produces task represent&tioissthe VAE de-
coder for generation tasKgen; L  is the text decoder for understanding ta$ksser -

!
X 1 ) X Xt . '
L= t— B Y, t t logp (Yek JYeek 5 f (X)) © (3.4)
2Tgen U t2T yncer k=1

where ; indexes target pixels / frames, is the target text length, and balances tasks. This SFT
procedure uni es objectives under a shared representation while preserving task-speci ¢ decoding.

3.3 CHAIN-OF-THOUGHT CONSTRUCTION FORWEATHER GENERATION REASONING

While uni ed training enables multi-task learning across generation and understanding, the result-
ing models still behave as black boxes, lacking explicit reasoning. To enhance interpretability and
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Figure 4:Construction of our CoT data. First, we preprocess the raw SEVIR data to obtain high-
quality input / output frame pairs. Second, we carefully design prompts and leverage GPT-40 for
attributes annotation. Third, the annotated attributes are incorporated into CoT prompts to generate
CoT annotations, followed by a quality veri cation step to produce the nal CoT dataset.

causal inference, we introdu@hain-of-Thought (CoTgupervision as an auxiliary instruction layer

for generation tasks. The CoT explicitly captures causal and perceptual factors underlying me-
teorological evolution, thereby guiding the model toward more structured reasoning about storm
dynamics.

Chain-of-Thought for Causal Reasoning in Weather. Our CoT formulation is tailored to the
weather domain, where reasoning is framed as causal inference over storm dynamics. To opera-
tionalize this, we design a taxonomy of causal elements with expert-de ned keywords, re ned via
GPT-based annotation. The taxonomy is adapted from RadarQA but restructured according to an-
notation dif culty: causal factorge.g., morphology, intensity and motion) are relatively direct to
extract, whereasutcome indicatorge.g., storm evolution patterns) require higher-level inference.
For nowcasting, causal factors are rst derived from the input VIL sequence, then combined with
projected causal factors of the forecast frames to infer the more dif cult outcome indicators describ-
ing future storm behavior. For satellite-to-radar inversion, reasoning involves only causal factors,
enabling a direct projection from satellite channels to a single VIL frame. Based on this structure,
we construct CoT traces in a three-stage pipeline (Figurattribute annotation with GPT-40, task-
speci ¢ reasoning generation with GPT-03, and automated veri cation for structural consistency,
causal alignment, and terminology normalization. Detailed taxonomy design, reasoning procedures,
and prompt template are provided in Appendix.

Integration for uni ed framework. We incorporate CoT reasoning into Omni-Weather from two
complementary perspectives. First, during the training phase, CoT serves as auxiliary supervision,
requiring the model to generate both intermediate reasoning text and the nal prediction, which
guides the backbone toward causal interpretability. Second, during inference, CoT is utilized as
a reasoning prompt, concatenated with task-speci ¢ instructions and inputs to steer the model to-
ward more structured and explainable outputs. This integration allows CoT to not only enhance
interpretability but also improve perceptual delity and qualitative consistency of generation tasks.

4 EXPERIMENTS

4.1 IMPLEMENTATION AND EVALUATION

We train our model end-to-end on a hode w8th H200 GPUs for 20k steps, using packed sequences
and the AdamW optimizdroshchilov & Hutter(2017) with a base learning rate @ 10 #, weight
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