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Abstract

We integrated retrieval-augmented generation (RAG) with a multimodal large language
model (LLM) to cluster large-scale circulation patterns associated with extreme rainfall
events (>80 mm day ') in Taiwan. Employing an event-perspective approach on 62 years
(1960-2022) of ERA5 reanalysis data, we identified discrete rainfall events by season. The
LLM-based classification effectively captured intra-seasonal variability and mixed-regime
events, outperforming conventional seasonal categorizations. The results of this analysis
indicate that 56.7% of extreme rainfall events occurred between July and October. During
this period, the LLM-RAG framework performed event-based clustering and identified
four representative synoptic patterns: typhoon systems, subtropical high perturbations,
southwesterly monsoonal flow, and southeasterly flow regimes.

Keywords: large language model; retrieval-augmented generation; event-perspective;
extreme rainfall events; large-scale circulation

1. Introduction

In the era of global climate change, both the frequency and intensity of extreme weather
events have been increasing significantly. Among these, extreme rainfall events (EREs)
pose a critical challenge to disaster mitigation and hydrological management, particularly
in subtropical regions such as Taiwan [1,2]. Located in the northwestern Pacific—a region
frequently affected by tropical cyclones and monsoonal systems—Taiwan experiences
complex spatiotemporal rainfall variability. EREs are influenced by a range of large-scale
atmospheric circulation patterns, including typhoons, the southwesterly monsoon, frontal
systems, and orographic effects, due to Taiwan’s mountainous terrain [3,4].

Traditionally, EREs have been analyzed using threshold-based or percentile-based
definitions, often in conjunction with station-based precipitation records [5]. While such
methods offer insights into temporal frequency and intensity trends, they fall short in
explaining the dynamic mechanisms underlying these events, particularly the interactions
between multiple circulation systems. For example, two extreme rainfall events both cate-
gorized as “typhoon-induced” exhibit markedly different synoptic features—one driven by
a direct cyclone track, and another by moisture convergence from a trailing southwesterly
flow. Classifying these nuanced differences requires an approach that integrates multi-
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ple data modalities (e.g., pressure, wind, and humidity fields) and captures high-level
semantic reasoning [6].

Recent progress in Al, particularly in natural language processing (NLP), has intro-
duced powerful tools for knowledge extraction and reasoning. Large language models
(LLMs), trained on a vast corpus of textual data, have demonstrated strong capabilities
in text generation, classification, summarization, and logical reasoning [7]. More impor-
tantly, multimodal LLMs, which jointly process text and non-text inputs such as images,
charts, or structured data, have emerged as a promising avenue for analyzing complex,
high-dimensional datasets such as weather maps and climate reanalysis products [8-10].

In climate and environmental sciences, multimodal LLMs are increasingly being
used for tasks ranging from the automated captioning of meteorological charts to the
classification of event types and data-driven hypothesis generation [8,11]. For instance,
Sapkota [12] demonstrated how a vision-language model could identify and interpret
heatwave patterns across Europe using reanalysis data and annotated climate visuals. Such
models not only classify patterns, but can also articulate the reasoning process behind
classifications, thereby offering a level of explainability that traditional black-box models
often lack.

Even though these ERE-related indices and applied extreme statistical models can
provide useful insights into local extreme characteristics, they do not necessarily represent
the EREs discussed in the media and in the previously mentioned literature. Our study
aims to examine historical global EREs from an event perspective that provides an alter-
native view to the commonly used heatwave statistics from a station or gridded data at a
fixed location [1,8,13].

In this study, the application of multimodal LLMs in regional-scale ERE classifica-
tion remains largely unexplored. Taiwan, with its unique climatic complexity and dense
meteorological network, provides a compelling testbed for such an approach. However,
challenges remain. First, the interplay of multiple drivers—such as typhoons, monsoon
surges, and frontal boundaries—creates overlapping rainfall signatures that are difficult
to disentangle. Second, the high spatial and temporal resolution of modern reanalysis
datasets (ERA5) [14] demands efficient encoding mechanisms to transform numerical
fields into model-readable embedding. Finally, the model must be guided by carefully
designed prompts or retrieval-enhanced contexts to avoid hallucinations and to ensure
meteorological relevance [15].

We propose a novel framework that combines event-based detection, retrieval-
augmented generation (RAG), and multimodal LLMs to cluster and interpret extreme
rainfall events in Taiwan. We have developed an automated system that integrates
(1) event-based detection of EREs (>80 mm/day) during Taiwan’s autumn seasons, cover-
ing the years from 1960 to 2019, (2) the extraction of relevant large-scale circulation fields
from ERAS (e.g., MSLP, 850 hPa wind, and temperature), (3) encoding of these variables
into structured or visual prompts, and (4) event classification and interpretation via a LLM
with RAG guided by meteorologically informed prompting.

2. Method
2.1. Even Perspective
For an event-perspective approach examining 60 years (1959-2018) of ERAS reanalysis

data, 3D (longitude, latitude, and time) objects were used to identify the total rainfall
volume as follows [13]:
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where dy, d; represent the first and last days of EREs, respectively; therefore, the rainfall
duration (RD) is equal to d; — d; + 1. Both x and y represent the longitudes and latitudes,
the subscripts of x, y indicate the range of EREs, and AxAy is weighted by the cosine. Below,
4(x,y,t) is defined as follows:

1 if rain > threshold

(2)
0 other

S(x,y,t) =

The rainfall event volume (RV) and mean rainfall area (MRA) are defined as follows:

d X2 Yn
RV = Y Y. ) 6(xy,t)Axdycos(¢(x,y)) 3)
t=dy X=Xe Y=Ys
RV
MRA_dl—d1+1 )

2.2. Large Language Model with LLM and RAG

To effectively cluster and interpret EREs, we adopted an RAG framework empowered
by a multimodal LLM. This approach enables automated reasoning over high-dimensional
meteorological fields by combining structured data retrieval with contextual language
understanding. The clustering process consists of the following steps:

1.  Event encoding: Each ERE is treated as an individual input instance, described by
numerical attributes such as total rainfall volume, spatial coverage, duration, and
time of occurrence. These features are encoded as structured prompts.

2.  Prompt-based reasoning: The encoded event is provided to the LLM with a tailored
prompt: “In Taiwan, the main types of extreme rainfall events between July and Octo-
ber include typhoons, southwesterly flow, southeasterly flow, and other mechanisms
such as stationary fronts, thermal convection, and compound systems. Please classify
the given event using DBSCAN and hierarchical clustering.”

3. RAG knowledge retrieval: Simultaneously, the RAG module retrieves structured
knowledge on typical circulation types, such as typhoons, southwesterly circulation,
and southeasterly circulation.

4. Multimodal event mapping: Real-world synoptic maps from representative historical
events are used as visual retrieval contexts. Examples are presented as follows: Ty-
phoon events: 10-12 July 2001 (Talim), 30 July 2001 (Toraji), 24-27 July 2009 (Morakot),
11-13 July 2013 (Soulik). Southwesterly: 30 June—6 July 2004, 31 July 2021. Southeast-
erly: 10-12 July 2001, 6-8 August 2021, 24-31 July 2023.

Based on the above analysis, Figure 1 presents the concept of the LLM for RAG.
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Figure 1. LLM of the RAG framework for extreme rainfall event clustering.
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3. Results

In the 62 years (1960-2022) of ERA5 reanalysis data examined here, a total of 678 EREs
(threshold exceeding 80 mm) over Taiwan were identified using an event perspective. The
monthly distributions of four key rainfall metrics, namely total rainfall volume (TRV),
mean rainfall intensity (MRI), mean rainfall area (MRA), and rainfall duration (RD), are
summarized in Figure 2 using boxplots. The interquartile ranges and upper extremes for
TRV, MRI, MRA, and RD are shown to be substantially elevated during the period of July
to October, suggesting that summer to early autumn EREs are typically more intense, larger
in spatial extent, and longer in duration. The monthly occurrence count of EREs (Figure 3)
confirms the seasonal dominance of this period, with 381 events (56.2%) occurring between
July and October.
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Figure 2. Monthly boxplots of four rainfall metrics for all 678 EREs over Taiwan. Higher medians
and extremes are evident from July to October.
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Figure 3. The monthly occurrence count of EREs. The black frame highlights the occurrences from
July to October (JASO), which account for 56.2% of the total annual events.

To analyze the associated synoptic-scale circulation patterns, we employed an LLM for
the RAG framework. This approach facilitated automated clustering and reasoning over
the July—October ERE subset. The LLM-RAG system identified four distinct clusters, with
the rainfall characteristics of each group presented in Figure 4. Mean composite weather
maps for each cluster are shown in Figure 5, and are interpreted as follows:
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1.  Cluster 1: Characterized by a weak low-pressure system centered near 115-125° E,
20-30° N, representing subtropical high perturbations along the western flank of the
Western North Pacific Subtropical High.

2. Cluster 2: Features southeasterly to southwesterly flow and a north-south moisture
gradient, with a shallow low-pressure signature, indicating a hybrid regime between
monsoonal and subtropical influences.

3. Cluster 3: Dominated by tropical cyclone activity over South China, with the strongest
rainfall intensities, as evidenced by the distributions in Figure 4.

4. Cluster 4: Associated with southwesterly monsoonal flows, contributing to sustained
rainfall events across Taiwan. These results demonstrate the seasonal concentration of
EREs and the utility of LLM-RAG for data-driven, interpretable synoptic clustering.
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Figure 4. Boxplots of rainfall for the four clusters of extreme rainfall events (EREs) classified by the
LLM under the RAG framework.
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Figure 5. Mean composite weather maps for each cluster. Shading indicates relative humidity
(RH, %), black labeled contours denote sea level pressure (SLP, hPa), and wind vectors show the
850-hPa horizontal wind field, with vector orientation indicating wind direction and vector length
indicating wind speed.
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4. Conclusions

The results indicate a pronounced seasonal concentration, with 56.2% of EREs occur-
ring between July and October. This paper presents an automated analytical framework
that integrated a multimodal LLM with an RAG architecture in order to cluster and interpret
381 EREs over Taiwan, identified from the ERA5 reanalysis data between July and October
over the period of 1960-2022. Using this approach, four representative synoptic patterns
were identified, corresponding to subtropical high perturbations, southwesterly monsoonal
flow, and tropical cyclone influences. The developed LLM-RAG framework demonstrates
the capability to effectively interpret high-dimensional meteorological fields, and provides
explainable event classification results while demonstrating promising performance.
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