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Abstract

While deep learning-based weather forecasting
paradigms have made significant strides, ad-
dressing extreme weather diagnostics remains a
formidable challenge. This gap exists primar-
ily because the diagnostic process demands so-
phisticated multi-step logical reasoning, dynamic
tool invocation, and expert-level prior judgment.
Although agents possess inherent advantages in
task decomposition and autonomous execution,
current architectures are still hampered by crit-
ical bottlenecks: inadequate expert knowledge
integration, a lack of professional-grade iterative
reasoning loops, and the absence of fine-grained
validation and evaluation systems for complex
workflows under extreme conditions. To this end,
we propose a multi-agent meteorological diagnos-
tic system characterized by the deep integration
of expert knowledge. Its central innovation is
the “Hypothesis-Verification-Replanning” closed-
loop mechanism, which facilitates sophisticated
iterative reasoning for anomalous meteorological
signals during extreme weather events. To bridge
gaps within existing evaluation frameworks, we
further introduce a novel benchmark focused on
atomic-level subtasks. Experimental evidence
demonstrates that the system excels in complex
diagnostic scenarios.

1. Introduction

Extreme weather diagnosis constitutes the systematic pro-
cess of deciphering the underlying causes and evolutionary
logic of severe atmospheric events through sophisticated rea-
soning and expert judgment. This process is fundamental to
meteorological services and public safety. Given that these
events are characterized by sudden emergence and swift
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development, operational centers must promptly identify
and interpret anomalous signals. Rapidly determining the
specific nature and operational drivers of such events within
constrained timeframes provides the essential scientific ba-
sis for weather alerts and strategic emergency responses.

At present, Al cannot independently carry out operational
extreme weather diagnosis. In practice, this sophisticated
workflow still depends on human forecasters, who must
rapidly examine a small set of high-impact meteorological
data and diagnostic indices under strict time constraints to
isolate key drivers and craft an actionable interpretation.
Despite its effectiveness, this manual pipeline is inherently
constrained by strong dependence on individual experience,
substantial labor demands, and heightened susceptibility to
mistakes—particularly among less experienced personnel.
More fundamentally, extreme-weather diagnosis requires
analysts to pinpoint physically meaningful anomalies from
fragmented, multivariate, and highly coupled datasets, then
synthesize meteorological principles with situational context
to perform disciplined attribution reasoning. Current deep-
learning approaches typically fall short of this requirement:
they struggle to consistently detect salient, event-specific
signals across heterogeneous variables and scales, and they
lack the ability to explicitly assemble a logically coherent
and interpretable chain of evidence that supports a defensi-
ble warning decision.

Agentic frameworks offer considerable potential to address
these operational limitations by automating specialized tasks
(Wang et al., 2025) such as data acquisition (Jin et al.,
2024; Qu et al., 2025; Lu & Wang, 2025; Schmidgall
et al., 2025), code generation (Yang et al., 2024; Zhang
et al., 2025; Li et al., 2025), and multimodal interpreta-
tion (Bai et al., 2025a;b). However, bridging the gap be-
tween general automation and professional-grade weather
diagnosis agent necessitates overcoming two primary chal-
lenges. The first challenge is the insufficient integration of
domain-specific expertise. Since the requirement for ex-
perienced operational expertise in selecting key diagnostic
elements, general-purpose agents often prove incapable of
autonomously identifying core evidence within complex
meteorological scenarios. The second challenge lies in the
lack of a heuristic reasoning loop for purposeful evidence
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collection. In extreme weather diagnosis, the discovery of
one anomalous signal often dictates the specific tools or
indices required for the next phase of analysis.

To address these two primary challenges, this paper proposes
a multi-agent system specifically designed for the diagnos-
tic analysis of extreme weather. Integrating seven func-
tional agents such as Decomposer, Data Specialist, Code
Executor, Plotter, Image Checker, Evaluators, Diagnostician
and Reporters, the system enables end-to-end automation
spanning high-dimensional data retrieval, indicator com-
putation, multimodal interpretation, and structured report
generation. To tackle the first challenge, we established
a diagnostic guideline repository as the core knowledge
foundation. This repository was built by semi-automatically
extracting key insights from 584 papers of extreme weather
papers: Meteorological Monthly', Transactions of Atmo-
spheric Sciences?, Acta Meteorologica Sinica’, American
Meteorological Society* followed by rigorous validation by
five senior forecasters to ensure professional-grade variable
selection and index calculation. For the second challenge,
the system introduces a “hypothesis-verification-replanning”
reasoning mechanism that simulates the cognitive paradigm
of human experts. Within this framework, the system for-
mulates testable physical hypotheses based on anomalous
signals and utilizes the guideline repository to plan diagnos-
tic pathways. Should evidence be insufficient, the system
dynamically triggers replanning to adjust its diagnostic path,
thereby constructing a logically consistent, evidence-based
diagnostic chain within a closed-loop reasoning process.

Furthermore, we present a comprehensive benchmark de-
signed to evaluate both the reliability of individual opera-
tional units and the overall versatility of the agent system.
This benchmark comprises 100 end-to-end extreme weather
events for full-process diagnostic analysis, complemented
by 250 specialized QA pairs for granular verification: 150
for meteorological index calculation (covering 30 index
types) and 100 for diagnostic plotting (covering 20 figure
categories). By spanning atomic tasks—such as standalone
plotting and index computation—to complex, holistic retro-
spective analysis, this benchmark rigorously validates the
system’s robustness in real-world meteorological operations
and demonstrates its broad utility across diverse diagnostic
scenarios.

The contributions are as follows:

* We propose a human forecaster-inspired paradigm
for extreme-weather analysis that emphasizes phys-
ically interpretable, automated diagnostics centered on
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anomaly signals.

* We introduce a Hypothesis—Verification—Replanning
loop to self-improve the diagnostic pathway by focus-
ing on anomalous meteorological signals.

* We construct a new benchmark for extreme-weather
diagnostics, covering 30 types of meteorological index
computation and 20 types of meteorological plotting.

* Our System achieves pass rates of 71.86% for index
computation, 79.52% for figure generation, and 85%
for final reporting, demonstrating its robust capacity
to assist forecasters in diagnosing extreme weather
events.

2. Related Work

Weather Foundation Models. Deep learning-based
weather forecasting systems (e.g., FourCastNet (Kurth et al.,
2023), Pangu-Weather (Bi et al., 2023), NowcastNet (Zhang
et al., 2023), GraphCast (Lam et al., 2023), FuXi (Chen
et al., 2023), Stormer (Nguyen et al., 2024), GenCast (Price
et al., 2025), FengWu (Chen et al., 2025)) and weather
foundation models (e.g., Climax (Nguyen et al., 2023), Au-
rora (Bodnar et al., 2025)), trained on large-scale structured
numerical data, have significantly outperformed traditional
physics-based numerical weather prediction (NWP) systems
(Molteni et al., 1996) in terms of forecasting accuracy, com-
putational efficiency, and task diversity. While these models
have achieved major breakthroughs in numerical fidelity,
they remain highly optimized “’black-box” prediction tools.
Due to the lack of explicit modeling of physical processes,
these systems possess inherent limitations in causal reason-
ing and diagnostic interpretation, and they cannot support
interactive scientific exploration or cross-domain reasoning
through natural language interfaces.

Meteorology Autonomous Agentic Frameworks. In re-
cent years, the focus of Al for meteorology has transferred
from data-driven models to knowledge-driven autonomous
agents. Zephyrus (Varambally et al., 2025) is the first agen-
tic framework specifically designed for weather science,
constructing a meteorological agent environment and in-
tegrating meteorological tools. ClimateAgent (Kim et al.,
2025) and EWE (Jiang et al., 2025) both introduced multi-
agent systems; ClimateAgent is designed to address climate
science tasks, while EWE utilizes predefined thought path
for the retrospective analysis of extreme weather events.

Yet, the application of autonomous agentic system to the
detection and causal attribution of extreme weather remains
an unexplored frontier. Building upon these advances, we
propose a novel paradigm for extreme weather diagnosis
and analysis. Our Multi-Agent System identifies extreme
weather types by detecting anomalous signals and iteratively
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Query
Assess the presence of extreme weather
events in Beijing for March 1, 2026,
based on forecast data. If identified,
perform an anomaly analysis relative to
the climatological background
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Type: Dynamics '20210101T12:00",
name: ‘geopotential’,
level val: '500',

lat: [20.0, 60.0],
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and weather system evolution.
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., 1. Large-scale Circulation and Synoptic Background

A meso-a-scale low developed along the Mei-Yu front, with an

upper-level short-wave trough extending toward western Japan.

This allowed a dry intrusion (700-400 hPa) to overrun the front,

establishing a split front at the leading edge.

2. Mesoscale Environment and Triggering Systems
Convergence of cold west-northwesterlies and warm
southwesterlies south of the stationary Mei-Yu front triggered
intense frontogenesis and a rainband 200 km further south. As
this split front moved south, associated descending motion
suppressed precipitation along the original front.
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3. Vertical Structure and Moisture-Thermodynamic

The split front was defined by equivalent potential temperature 6, ;
midlevel low-8,. overran low-level high-6.air, creating convective
instability. Mei-Yu moisture was shallow (below 850 hPa), whereas
a deep moist zone ahead of the split front extended to 350 hPa.
Visualization

Code Repository 4. Dynamic Forcing and Extremity Diagnosis

Strong frontogenetical forcing drove a thermally direct circulation
with upward velocities exceeding 28 x 10* hPa s~ . This lift,
amplified by low-level convergence from evaporative cooling and
dry intrusion outflow, produced extreme hourly rainfall of 99 mm
and two-hour totals over 177 mm.
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Vertical Cross-section

# Plot RH using contourf
ax.contourf(lon,isobaric,

Relative_humidity)
fig.colorbar(...)

# Plot tangential and

normal winds as barbs
ax.barbs(lon, isobaric,

t_wind, n_wind)

Bivariate Overlay Figure

Figure 1. The Workflow of HVR-Met

self-optimizes its diagnostic pathways through continuous
evaluation.

3. Methodology
3.1. Multi-Agent Diagnostic Framework

The multifaceted nature of extreme weather diagnosis,
which requires the integration of high-dimensional data
retrieval, rigorous physical calculation, and synoptic rea-
soning, poses significant challenges for LLMs. To address
this, we introduce a Multi-Agent Meteorological Diagnostic
Framework. Designed to emulate the professional *Weather
Consultation’ workflow, this system establishes a collab-
orative agentic environment that unifies domain-specific
capabilities through structured role specialization.

The framework encompasses seven specialized agents:

Decomposer: Serves as the strategic planner that parses
high-level diagnostic queries. It formulates an initial physi-
cal hypothesis and hierarchically decomposes the problem
into a logical sequence of executable sub-tasks for down-
stream agents.

Data Specialist: Serves as the data-retrieval and computa-
tion module. It synthesizes Python scripts to access high-
dimensional meteorological tensors from WeatherBench2
and derives complex physical indices, ensuring rigorous
preprocessing and numerical precision.

Code Executor: Serves as a sandboxed execution environ-

ment for securely running generated scripts. It manages
dependencies and captures execution feedback, maintain-
ing a robust separation between code synthesis and runtime
behavior.

Plotter: Serves as the synoptic visualization module. It gen-
erates code to render meteorological fields into publication-
quality figures, leveraging appropriate geospatial projec-
tions and standard colormaps to translate numerical data
into interpretable visual evidence.

Image Checker: Serves as the quality-assurance module.
It validates generated figures against established meteoro-
logical plotting standards (e.g., contour intervals and label
placement) to ensure clarity and domain compliance prior
to analysis.

Diagnostician: Serves as the core inference unit that ap-
proximates expert reasoning. By integrating multimodal
evidence (figures and indices) with a meteorological knowl-
edge base, it performs abductive reasoning to identify the
physical mechanisms driving the extreme weather event.

Reporter: Serves as the reporting module that consolidates
diagnostic outputs. It organizes the reasoning trace and
supporting evidence into a comprehensive diagnostic report.

3.2. Hypothesis—Verification—Replanning

To emulate the cognitive rigor of human forecasters, we
design a dynamic inference loop capable of self-correction.
The mechanism unfolds in four sequential phases:



