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ABSTRACT

Interpreting Earth system conditions is central to understanding environmental
risks and informing decisions across weather- and climate-sensitive sectors. Ex-
isting multimodal weather systems primarily target task-specific prediction, gen-
eration, or question answering, while general-purpose alignment between Earth
system data and language remains underexplored due to the limited availability
of diverse language supervision grounded in meteorological conditions. To fill
this gap, we introduce EarthAlign, a large-scale dataset with broad geographic
coverage spanning 2000–2024 that combines 10 expert-curated natural event and
disaster data sources with climatology-derived normal-weather samples. Each
sample includes temporal and geospatial information and four grounded caption
styles aligned with 63-variable ERA5 meteorological data. Building on Earth-
Align, we introduce MeteoLIP, a dual-encoder framework for learning aligned
meteorology-language representations. MeteoLIP incorporates MetTok, which
uses a geolocation- and time-conditioned query to aggregate variable-specific
patch embeddings into a compact sequence of meteorology tokens. To com-
prehensively assess Earth system multimodal representations, we introduce three
downstream tasks: cross-modal retrieval, weather-condition classification, and
physical variable estimation. Our experiments show that MeteoLIP improves upon
the corresponding CLIP and SigLIP baselines across these tasks. Further anal-
yses highlight the importance of meteorological input, temporal and geospatial
conditioning, and multi-style supervision for meteorology-language alignment.
Thus, EarthAlign and MeteoLIP provide a foundation for learning and evaluat-
ing language-aligned representations of Earth system data. Our code, dataset, and
weights are publicly available at https://github.com/mbzuai-oryx/EarthAlign.

1 INTRODUCTION

Earth system forecasts and analyses play a critical role in supporting decision-making across sectors
such as agriculture, water, energy, and disaster management (Brasseur & Gallardo, 2016; White
et al., 2017). Recent data-driven weather models and Earth system foundation models, including
FourCastNet (Pathak et al., 2022), Pangu-Weather (Bi et al., 2023), ClimaX (Nguyen et al., 2023),
and Aurora (Bodnar et al., 2025), have achieved strong performance in forecasting atmospheric and
broader Earth system states. Their representations are primarily learned through objectives defined
over physical variables, such as forecasting future atmospheric states (Nguyen et al., 2023; Bodnar
et al., 2025) and reconstructing masked meteorological fields (Lessig et al., 2023; Schmude et al.,
2024). While these objectives effectively model relationships within numerical Earth system data,
they do not explicitly align the learned representations with natural-language descriptions of weather
conditions and natural phenomena.

Natural language provides a valuable source of supervision that can align multivariate meteorologi-
cal data with descriptions of weather conditions and natural phenomena. In natural-image domains,
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Figure 1: EarthAlign Overview. EarthAlign is a vision-language alignment dataset for the Earth
system, comprising 553,738 samples that span 2000–2024, with a broad taxonomy of natural phe-
nomena, broad geographic coverage, and diverse caption content to enable multimodal alignment.

CLIP (Radford et al., 2021) has demonstrated that language supervision can support shared rep-
resentations for cross-modal retrieval and text-based classification, and such visual representations
have subsequently become key components of multimodal models across different domains (Liu
et al., 2023; Shabbir et al., 2025). Despite this progress, general-purpose alignment between Earth
system data and language remains underexplored, partly due to the lack of diverse language super-
vision grounded in meteorological conditions and natural phenomena. Existing multimodal datasets
such as WeatherQA (Ma et al., 2024), CLLMate (Li et al., 2025), and MeteorPred (Tang et al., 2026)
have enabled progress in severe-weather question answering, event prediction, and warning genera-
tion, but are primarily designed around task-specific prediction, generation, or question answering.
Learning robust meteorology-language representations requires rich language supervision covering
diverse weather conditions and natural phenomena, with descriptions from different perspectives
and temporal and geographic context to associate them with the corresponding Earth system states.

To address this, we construct EarthAlign (Figure 1), which brings heterogeneous natural event, dis-
aster, and normal-weather records into an Earth system–language setting. EarthAlign comprises
553,738 samples spanning 2000–2024, with broad geographic coverage and diverse natural phe-
nomena. We compile natural event and disaster records from governmental, institutional, and pub-
lished sources, and complement them with normal-weather samples identified relative to local cli-
matology. For each record, we generate four metadata-grounded caption styles to provide different
semantic perspectives on the underlying Earth system condition. Each record is also paired with
a 63-variable ERA5 (Hersbach et al., 2020) snapshot at the corresponding time and spatial extent
to enable meteorology-language alignment. To learn semantically aligned representations of me-
teorological data and language, we introduce MeteoLIP, a dual-encoder framework that maps both
modalities into a shared representation space. As meteorological inputs comprise 63 surface and
atmospheric variables, MeteoLIP uses MetTok to aggregate variable-specific patch embeddings into
compact meteorology tokens conditioned on temporal and geospatial information. During alignment
training, MeteoLIP samples one of the four caption styles for each meteorological input, exposing
the model to complementary descriptions of the same Earth system condition.

Our contributions can be summarized as follows: (1) We introduce EarthAlign, a large-scale Earth
system–language dataset with broad geographic coverage, diverse natural phenomena and normal-
weather conditions, metadata-grounded multi-style captions, and alignment with multivariate ERA5
data; (2) We introduce MeteoLIP for meteorology-language representation learning, and train
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Meteo-CLIP and Meteo-SigLIP variants that improve over their corresponding CLIP and SigLIP
baselines; (3) We establish three evaluation tasks spanning cross-modal alignment, semantic under-
standing, and quantitative inference through retrieval, weather-condition classification, and physical
variable estimation.

2 RELATED WORK

Vision-language alignment. Vision-language pretraining learns shared representations by align-
ing visual data with rich natural language descriptions. CLIP (Radford et al., 2021) demonstrated
the effectiveness of large-scale image-text contrastive learning, while SigLIP (Zhai et al., 2023) and
InternVL (Chen et al., 2024) further improved its training objective and model scaling. Beyond natu-
ral images, this paradigm has been adapted to specialized domains such as medical imaging (Zhang
et al., 2025; Khattak et al., 2024) and remote sensing (Liu et al., 2024; Xiong et al., 2025). Due
to their transferable representations, these visual encoders are widely adopted in multimodal lan-
guage models across domains (Liu et al., 2023; Wang et al., 2025; Sellergren et al., 2026; Soni
et al., 2025). Despite these developments, vision-language alignment for Earth system data remains
underexplored, primarily due to the lack of large-scale language supervision paired with geoloca-
tion and time information. EarthAlign addresses this gap by introducing geocoded natural language
captions describing diverse historical weather conditions and natural phenomena from around the
world, enabling their alignment with Earth system data, such as gridded meteorological data.

Multimodal weather and climate datasets and benchmarks. As summarized in Table 8, re-
cent work has increasingly connected meteorological data with natural language for weather- and
climate-related tasks. WeatherQA (Ma et al., 2024) pairs expert forecast analyses with mesoscale
analysis images for severe-weather question answering. ClimateIQA (Chen et al., 2025) generates
meteorological heatmaps from four ERA5 variables (Hersbach et al., 2020) to detect three types
of severe weather events. Aquilon (Varambally et al., 2025) defines seven question types and con-
structs samples from ERA5 and an expert-curated event record. CLLMate (Li et al., 2025) curates
expert-verified weather and climate events from environmental news and pairs them with four ERA5
variables for event prediction. MeteorPred (Tang et al., 2026) uses meteorological agency warnings
as supervision and ERA5 variables as inputs for warning generation in China. While these datasets
vary in scope and task formulation, they are primarily designed for instruction following or question
answering. In contrast, EarthAlign provides large-scale dataset spanning 2000–2024, with broad
geographic coverage and natural phenomena, with four grounded caption styles per record to enable
vision-language alignment with Earth system data. We further introduce retrieval, classification, and
physical variable estimation tasks to evaluate multimodal representations in this domain.

3 DATASET AND EVALUATION TASKS

3.1 DATASET CONSTRUCTION

To address the limitations of existing multimodal climate datasets, we present EarthAlign, a large-
scale dataset designed to facilitate alignment of Earth-system data with language. We build the
dataset based on two types of sources: records of natural events and disasters, and climatological
data for normal weather samples. EarthAlign comprises 553,738 samples with broad geographic
coverage spanning 2000–2024 and encompasses a diverse set of keywords describing a wide range
of natural phenomena (Fig. 1). Each sample contains temporal information, a latitude-longitude
bounding box, and four captions in different styles. Our data curation pipeline is shown in Fig. 2.

Natural event and disaster records. Natural events and disasters constitute the majority of sam-
ples in EarthAlign, providing large-scale and diverse observations of natural phenomena. These
records were collected from 10 expert-curated sources (Appendix Table 9): 1) EM-DAT (Delforge
et al., 2025), 2) NOAA Storm Event Database (NOAA NCEI), 3) IBTrACS (Knapp et al., 2010;
Gahtan et al., 2024), 4) COOLR (Juang et al., 2019), 5) PIKART (Vallejo-Bernal et al., 2025), 6)
AusDE (Australian Government, Attorney-General’s Department, 2023), 7) MexDE (Centro Na-
cional de Prevención de Desastres (CENAPRED), 2023), 8) CanDE (Public Safety Canada, 2026),
9) IndDE (Badan Nasional Penanggulangan Bencana, 2026), and 10) FraDE (Ministère de la Tran-
sition écologique, 2026). Since these sources provide different types of information in different
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Figure 2: Data curation pipeline. EarthAlign combines expert-curated natural-event records with
climatology-based normal-weather samples. The resulting records contain standardized spatial and
temporal information, labels, and four grounded caption styles for alignment with Earth system data.

formats, we apply source-specific processing steps (Appendix B.1). In general, we begin by man-
ually filtering the records to retain only natural phenomena. We then extract all available metadata
to support the grounded generation of detailed descriptions. For sources that provide only textual
location names, we apply geocoding to obtain coordinates and latitude-longitude bounding boxes.
After processing, we obtain 489,185 records with standardized phenomenon categories, associated
metadata, as well as temporal and geospatial information.

Climatology-based normal-weather sampling. To complement the natural event and disaster
records, we identify normal-weather conditions relative to local climatology. We construct local
climatologies from ERA5 (Hersbach et al., 2020) hourly variables over the 1991–2020 WMO refer-
ence period (WMO, 2017). Adapting the centered 5-day window proposed in Zhang et al. (2005),
we compute each variable-specific threshold for each day of year and hour using a centered ±2-day
window. For scalability, we sample 20% of the ERA5 grid cells within each first-level administra-
tive unit (ADM1), based on administrative boundaries from geoBoundaries (Runfola et al., 2020),
with at least 10 cells whenever possible, and retrieve hourly variables from 1991 to 2025. Depend-
ing on the variable, we define normality by P05–P95, ≤P90, or ≥P10 thresholds. A grid-cell hour
is considered normal only if all variables satisfy their respective thresholds, and an ADM1-hour
is retained when at least 80% of its sampled cells are normal. Using this conservative filter, we
retain 1.6% and 11% of candidate hours in California and Abu Dhabi, respectively. We then sam-
ple eligible normal-weather hours globally over 2000–2024 with broad country coverage and area-
proportional sampling, yielding 64,553 samples. Further details on the meteorological variables and
their variable-specific normality criteria are provided in Appendix B.2.

Grounded caption generation. From the metadata, we generate four stylistically different captions
(i.e. natural-event-focused, physical-framing, impact-focused, and atmospheric-pattern) to provide
complementary semantic perspectives of each record and support alignment with Earth system data.
We use Gemini 3.1 Pro with a prompt that requires every caption to be directly supported by the
input metadata and excludes unsupported causes, impacts, forecasts, and descriptive modifiers. To
assess caption grounding and adherence to the target styles, a trained graduate annotator audited a
stratified sample of 440 captions across all data sources and caption styles. The overall pass rate
was 95.68% (421/440), with style-specific pass rates of 100%, 98%, 89%, and 95%. We provide the
generation prompt in Appendix C.1, and the audit rubric and error analysis in Appendix C.2.

Earth system data alignment. Earth system data are heterogeneous across data types and modal-
ities, variables, and spatial and time resolutions. ERA5 (Hersbach et al., 2020) provides globally
gridded hourly data at 0.25◦ resolution and is widely used in recent Earth system models and mul-
timodal meteorological benchmarks (Rasp et al., 2024; Bodnar et al., 2025; Li et al., 2025; Tang
et al., 2026). Motivated by this, we adopt ERA5 as a common baseline while preserving compatibil-
ity with other Earth system products. For each record, we extract a single multivariate ERA5 patch
at the corresponding timestamp and spatial extent. Each patch contains 28 single-level variables and
7 pressure-level variables at 5 pressure levels, resulting in 63 input variables as listed in Appendix D.
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Figure 3: MeteoLIP Overview. MeteoLIP consists of transformer-based meteorological and text
encoders. MetTok converts multivariate meteorological input into a compact token sequence. Dur-
ing training, we randomly sample a caption style for each meteorological input and optimize a con-
trastive objective to align meteorological and textual representations in a shared embedding space.

3.2 EVALUATION TASKS

To comprehensively evaluate Earth system multimodal representations, we devise three downstream
tasks assessing their cross-modal alignment, semantic understanding, and quantitative inference
capability: (1) Retrieval evaluates the alignment between Earth system (e.g. ERA5) representa-
tions and their corresponding textual descriptions using bidirectional text-to-meteorology (T2M)
and meteorology-to-text (M2T) retrieval; (2) Classification evaluates whether Earth system repre-
sentations can capture category-level semantics of meteorological conditions. Given an Earth system
input (e.g. ERA5), the model predicts one of 11 weather conditions: normal weather, drought, heat
wave, cold wave, frost, atmospheric river, cyclone, convective storm, high wind, fog, and winter
weather; and (3) Physical variable estimation evaluates quantitative inference by estimating cy-
clone maximum sustained wind speed and minimum central pressure from an Earth system input.

4 METEOLIP: ALIGNING METEOROLOGICAL DATA WITH LANGUAGE

EarthAlign comprises paired ERA5 data and complementary textual descriptions. To learn aligned
representations of these descriptions and their meteorological conditions, we introduce MeteoLIP,
a dual-encoder framework for aligning meteorological data with natural language. As illustrated in
Fig. 3, MeteoLIP utilizes separate transformer-based meteorology and text encoders and maps their
outputs into a shared representation space. To process the 63-variable ERA5 input, MeteoLIP uses
MetTok, which provides a mechanism for incorporating geospatial and temporal information while
producing a compact token sequence whose length depends on the spatial resolution. Through this
alignment, MeteoLIP learns cross-modal representations that enable a range of downstream tasks.

4.1 MODEL ARCHITECTURE AND TRAINING OBJECTIVE

Dual-encoder formulation. Let xT denote a textual input and xM ∈ RV×H×W denote meteo-
rological data, where V is the number of variables and H × W are the spatial dimensions. Each
meteorological input is supplemented with temporal information t ∈ R3, corresponding to year, day
of year, and hour of day, and latitude–longitude geolocation information ℓ ∈ R2×H×W . MeteoLIP
employs dual encoders to map the two modalities into a shared D-dimensional representation space,
with zM = FM (TM (xM , t, ℓ)) and zT = FT (TT (xT )), where zM , zT ∈ RD denote the mete-
orological and textual representations, respectively. TM and TT denote the meteorology and text
tokenizers, while FM and FT denote the transformer-based meteorology and text encoders.

Meteorology tokenization (MetTok). Unlike natural images, meteorological inputs contain many
physical variables. Let ps be the patch size and P = HW/ps2 be the number of patches. In-
dependently patchifying each variable would produce V P tokens, which would increase the self-
attention complexity in the meteorology encoder from O(P 2D) to O(V 2P 2D). MetTok instead
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aggregates the variables within each patch, thereby retaining a sequence of P tokens. Specifi-
cally, we independently patchify each variable in xM using a variable-specific linear projection and
subsequently add a learnable variable-identity embedding, producing variable-patch embeddings
EM ∈ RV×P×d, where d = D/8 is the MetTok embedding dimension. We encode the tempo-
ral information t by linearly normalizing the year and applying sine-cosine transformations to the
day of year and hour of day, resulting in t̃ ∈ R5, which is spatially expanded to R5×H×W . Sim-
ilarly, we apply sine-cosine transformations to latitude and longitude, resulting in ℓ̃ ∈ R4×H×W .
To obtain temporal-geospatial patch embeddings Etℓ ∈ RP×d, we concatenate the spatially ex-
panded t̃ and ℓ̃ along the channel dimension and jointly patchify them using a linear–GELU–linear
projection, allowing temporal and geospatial features to interact nonlinearly. Inspired by Bodnar
et al. (2025); Jaegle et al. (2021), we introduce a learnable query embedding eq ∈ Rd to aggregate
the variable embeddings in EM through cross-attention. Since meteorological conditions depend
on geographic location and temporal context, we condition the query on Etℓ to obtain time- and
location-aware queries Eq = [eq + α etℓ,1; . . . ; eq + α etℓ,P ] ∈ RP×d, where α ∈ R is a learn-
able scalar. We then apply cross-attention independently within each patch, using the time- and
location-aware query as the query and the corresponding variable embeddings as keys and val-
ues, yielding eo,p = eq,p + CrossAttn(eq,p, eM,p, eM,p) for p = 1, . . . , P , where eq,p ∈ Rd

and eM,p ∈ RV×d are the query and variable embeddings for patch p, respectively. We then
project each aggregated representation to the meteorology encoder dimension using a linear layer,
êo,p = Woeo,p + bo ∈ RD. The resulting meteorology tokens [êo,1; . . . ; êo,P ] are prepended
with a class token and passed to the meteorology encoder, thereby avoiding the additional quadratic
self-attention cost induced by variable-wise tokenization.

Learning objective. During training, we sample one caption style for each meteorological input
in a minibatch to expose the model to diverse linguistic descriptions from different perspectives
and improve robustness. Given a minibatch of B paired meteorological and textual inputs, we
compute their pairwise cosine similarities as sij = sim

(
z
(i)
M , z

(j)
T

)
. Following Radford et al. (2021);

Zhai et al. (2023), we optimize a cross-modal contrastive objective that increases sii for paired
meteorological and textual representations while decreasing sij for unmatched pairs i ̸= j.

4.2 TASK-SPECIFIC INFERENCE

Cross-modal retrieval. Given a retrieval set of N paired samples {(x(i)
M ,x

(i)
T )}Ni=1, MeteoLIP

encodes each meteorological and textual input into shared representations z(i)M and z
(i)
T , respectively.

We then compute the cosine similarity between the two modalities as sij = sim
(
z
(i)
M , z

(j)
T

)
. For

T2M retrieval, we rank meteorological candidates by their similarity to a textual query, and reverse
the direction for M2T retrieval.

Classification. We construct K textual prompts {pk(c)}Kk=1 for each class c ∈ C and apply prompt
ensembling to obtain a class prototype z

(c)
T = 1

K

∑K
k=1 FT (TT (pk(c))). Given a meteorological

representation zM , we predict its class as ĉ = argmaxc∈C sim
(
zM , z

(c)
T

)
.

Physical variable estimation. Inspired by Christensen et al. (2024); Maani et al. (2026), we esti-
mate cyclone maximum sustained wind speed and minimum central pressure from xM using value-
conditioned text prototypes. We begin by constructing K = 80 textual templates {pk(v)}Kk=1,
such as “a cyclone with sustained wind speeds of v knots” for each candidate value v ∈ V , where
V = {vmin, vmin+1, . . . , vmax}, and obtain a value prototype z(v)T = 1

K

∑K
k=1 FT (TT (pk(v))). We

then compute the similarity score for each v as sv(zM ) = sim
(
zM , z

(v)
T

)
. Let Sρ(xM ) denote the

top-ρ candidate values by score, where ρ is the nearest odd integer to 0.05|V|. For robust estimation,
we take the median of Sρ(xM ) as the final estimate.
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5 EXPERIMENTS AND RESULTS

5.1 EXPERIMENTAL SETUP

Meteorological data processing. We use the 63 ERA5 meteorological variables listed in Ap-
pendix D. We use the specified time for records with an exact timestamp, while we sample a
timestamp within the reported interval for records spanning a time range. We standardize each
meteorological input to 56 × 56 grid cells. For samples spanning less than 14◦ × 14◦, we expand
the bounding box to this extent. For larger samples, we construct a square region using the larger
latitudinal or longitudinal extent and linearly interpolate it to 56×56 to avoid introducing extremes.
We also normalize each variable using its mean and standard deviation computed across samples.

Dataset split. We employ a year-based train-test split to assess whether the learned representa-
tions remain effective across years, using 2000–2010 and 2014–2024 for training and withholding
2011–2013 for evaluation on unseen intermediate years. This results in 490,395 training samples,
with 63,343, 48,645, 7,353, and 8,114 test samples for retrieval, classification, cyclone maximum
sustained wind speed estimation, and cyclone minimum central pressure estimation, respectively.

MeteoLIP and training configuration. We investigate two MeteoLIP variants based on the
CLIP (Radford et al., 2021) and SigLIP (Zhai et al., 2023) architectures and their respective learning
objectives, denoted as Meteo-CLIP and Meteo-SigLIP. We initialize the encoders from the corre-
sponding OpenAI CLIP and SigLIP WebLI checkpoints and use a text context length of 77 tokens.
For the meteorology encoder, we use a patch size of 4 × 4, which results in (56/4)2 = 196 spatial
patches. Unless otherwise specified, we train all models for 30 epochs on 4×A100 (40GB) GPUs
with a batch size of 256 per GPU, using the AdamW optimizer with a learning rate of 1× 10−4 and
weight decay of 1× 10−2. We also apply a cosine learning-rate schedule with 2,000 warmup steps.
We report the mean and standard deviation over three training runs using the final epoch checkpoint.

Baselines. For the CLIP and SigLIP baselines, following the multichannel patchification used in
FourCastNet (Pathak et al., 2022), we concatenate all meteorological variables along the channel
dimension and jointly project each spatial patch using a linear layer, producing one token per patch.
To follow the original image-text pair formulation of CLIP and SigLIP, we train the baselines using
only the natural-event-focused caption, which identifies the natural phenomenon together with its
temporal and geospatial context when available.

5.2 MAIN RESULTS

Retrieval. To evaluate meteorology-language alignment, we first assess bidirectional cross-modal
retrieval. As shown in Table 1a, Meteo-CLIP and Meteo-SigLIP improve over their corresponding
CLIP and SigLIP baselines across all retrieval metrics. Meteo-CLIP improves M2T and T2M R@1
from 20.25 and 20.03 to 58.79 and 60.10 respectively, while Meteo-SigLIP achieves the best perfor-
mance with 66.07 and 66.79. Similar improvements are observed at R@5 and R@10, demonstrating
strong meteorology-language alignment. Since the default baselines use a single caption style, we
further examine the effects of multi-style supervision and MetTok conditioning in Section 5.3.

Classification. Table 1b evaluates category-level meteorological representations under two pro-
tocols: text-prototype inference, which applies the text-based inference described in Section 4.2
without task-specific post-training, and linear probing, which trains a linear prediction head on top
of the frozen meteorology encoder. Under text-prototype inference, Meteo-CLIP improves F1 from
30.15 to 47.91 and Top-1 accuracy from 33.69 to 57.69, while Meteo-SigLIP improves from 21.56
to 50.19 and Top-1 accuracy from 22.13 to 55.59. The improvements can also be observed under
linear probing, where Meteo-SigLIP achieves the highest F1 of 80.75 and Top-1 accuracy of 92.35.
These results indicate that MeteoLIP improves both language-based inference and the category-
level semantic information encoded in the frozen meteorology representations. We provide detailed
category-wise results in Appendix F.1, where drought, heat wave, and cold wave are identified as
the most challenging categories.

Physical variable estimation. As provided in Table 1c, under text-prototype inference, Meteo-CLIP
improves R2 for cyclone maximum sustained wind speed from 5.29 to 62.27 and for minimum cen-
tral pressure from 26.81 to 67.64, while Meteo-SigLIP improves them from −11.59 to 60.17 and
from 45.12 to 73.39, respectively. Under linear probing, Meteo-SigLIP achieves the best perfor-
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Table 1: Comparison of CLIP and SigLIP baselines with their MeteoLIP counterparts. (a)
Cross-modal retrieval. (b) Classification under text-prototype inference and linear probing. (c) Phys-
ical variable estimation of cyclone maximum sustained wind speed and minimum central pressure
under the same two protocols. Bold and underline indicate the best and second-best results.

(a)
Meteorology-to-Text Text-to-Meteorology

Model R@1 ↑ R@5 ↑ R@10 ↑ R@1 ↑ R@5 ↑ R@10 ↑

CLIP 20.25± 0.13 45.67± 0.19 58.25± 0.27 20.03± 0.14 45.05± 0.39 57.43± 0.47
Meteo-CLIP 58.79± 1.43 88.13± 0.60 94.09± 0.32 60.10± 0.23 87.68± 0.13 93.50± 0.12
SigLIP 32.06± 0.56 61.11± 0.75 72.07± 0.69 30.23± 0.22 58.12± 0.25 68.98± 0.25
Meteo-SigLIP 66.07± 0.64 91.77± 0.29 96.14± 0.15 66.79± 0.50 91.27± 0.31 95.62± 0.18

(b)
Text-Prototype Inference Linear Probing

Model F1 ↑ Top-1 Acc. ↑ Top-3 Acc. ↑ F1 ↑ Top-1 Acc. ↑ Top-3 Acc. ↑

CLIP 30.15± 2.83 33.69± 3.10 66.95± 2.53 75.04± 0.20 90.61± 0.05 98.62± 0.06
Meteo-CLIP 47.91± 2.10 57.69± 1.43 85.98± 0.97 79.98± 0.26 92.16± 0.11 98.82± 0.05
SigLIP 21.56± 1.48 22.13± 2.95 50.15± 3.52 76.30± 0.54 91.06± 0.08 98.61± 0.05
Meteo-SigLIP 50.19± 2.95 55.59± 5.31 82.29± 3.63 80.75± 0.14 92.35± 0.04 98.78± 0.04

(c)
Text-Prototype Inference Linear Probing

Variable Model R2 ↑ MAE↓ RMSE↓ R2 ↑ MAE↓ RMSE↓

Sustained
Wind

CLIP 5.29± 19.85 14.62± 1.38 21.38± 2.24 68.09± 1.04 9.42± 0.17 12.46± 0.20
Meteo-CLIP 62.27± 4.75 9.35± 0.42 13.53± 0.84 71.34± 0.51 8.65± 0.08 11.80± 0.10
SigLIP −11.59± 16.49 14.46± 0.88 23.25± 1.72 70.52± 0.48 8.91± 0.11 11.97± 0.10
Meteo-SigLIP 60.17± 1.73 9.32± 0.21 13.91± 0.30 71.85± 0.37 8.50± 0.04 11.70± 0.08

Central
Pressure

CLIP 26.81± 14.46 9.70± 0.80 16.54± 1.60 74.08± 0.82 7.04± 0.11 9.87± 0.16
Meteo-CLIP 67.64± 4.23 6.37± 0.22 11.01± 0.72 76.36± 0.46 6.41± 0.09 9.43± 0.09
SigLIP 45.12± 3.00 7.96± 0.20 14.36± 0.39 75.98± 0.35 6.60± 0.06 9.50± 0.07
Meteo-SigLIP 73.39± 1.61 5.96± 0.09 10.00± 0.30 77.36± 0.45 6.16± 0.09 9.23± 0.09

mance for both variables, with R2 values of 71.85 for maximum sustained wind speed and 77.36
for minimum central pressure. We further compare against physical baselines derived directly from
ERA5 in Appendix F.2. These results demonstrate that the learned meteorology-language represen-
tations are capable of capturing physically meaningful quantitative information.

5.3 ABLATION STUDIES

Caption supervision. We study the effects of caption style for retrieval and multi-style supervision.
Table 2 shows that the natural-event-focused caption results in the highest retrieval performance,
achieving 58.79 M2T and 60.12 T2M R@1. In comparison, the other caption styles yield sub-
stantially lower retrieval performance, suggesting that explicitly describing the natural phenomenon
together with its temporal and geospatial context provides more instance-discriminative informa-
tion for retrieval. Table 3 further demonstrates the benefit of multi-style supervision during train-
ing. Increasing from one to four caption styles improves both model architectures: CLIP increases
from 20.25/20.03 to 31.64/31.10 M2T/T2M R@1, while Meteo-CLIP improves from 34.24/55.55 to
58.79/60.10. Moreover, Meteo-CLIP consistently outperforms CLIP under both one-style and four-
style training, demonstrating its effectiveness across different levels of caption-style supervision.

Model initialization. As shown in Table 4, initializing from the OpenAI CLIP checkpoint improves
M2T R@1 from 34.46 to 58.79 and T2M R@1 from 41.43 to 60.10 compared with training from
scratch. This suggests that, despite the modality gap between meteorological data and RGB im-
ages, pretrained visual representations provide a useful initialization for learning spatial structure in
meteorological fields. One possible explanation is that some meteorological variables can reflect co-
herent spatial patterns associated with natural phenomena such as cyclones and atmospheric rivers,
which can benefit from the spatial pattern recognition capabilities of pretrained image encoders.

MetTok conditioning. Table 5 highlights the contribution of meteorological input and MetTok’s
conditioning components across retrieval, weather condition classification, and maximum sustained
wind estimation. For retrieval, variable-identity embedding and geolocation provide relatively mod-
est improvements, whereas temporal conditioning contributes substantially. Notably, using geolo-
cation and time alone without meteorological input achieves 50.41/58.49 M2T/T2M R@1, showing
that temporal and geographic metadata provide strong cues for matching natural event captions.
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Table 2: Meteo-CLIP retrieval perfor-
mance by caption style.

Caption Style M2T R@1↑ T2M R@1↑

Natural Event Focused 58.79± 1.44 60.12± 0.25
Physical Framing 21.18± 0.18 21.67± 0.08
Impact Focused 19.09± 0.17 18.55± 0.08
Atmospheric Pattern 22.24± 0.41 21.52± 0.08

Table 3: Ablation on multi-
style caption supervision
during training. #: # Styles.

Model # M2T R@1↑ T2M R@1↑

1 20.25± 0.13 20.03± 0.14CLIP
4 31.64± 0.24 31.10± 0.05

1 34.24± 8.52 55.55± 4.57Meteo-CLIP
4 58.79± 1.43 60.10± 0.23

Table 4: Ablation on model
initialization for Meteo-CLIP
training.

Init. M2T R@1↑ T2M R@1↑

Scratch 34.46± 1.78 41.43± 2.21
OpenAI 58.79± 1.43 60.10± 0.23

Table 5: Ablation of MetTok components. We train Meteo-CLIP
under different MetTok configurations to assess the contribution
of meteorological input, variable-identity embedding, geoloca-
tion, and temporal conditioning. Bold and underlined values in-
dicate the best and second-best results, respectively.

Input & Encoding Retrieval Weather Condition Sustained Wind

Met. Var. ID Geo. Time M2T R@1 ↑ T2M R@1 ↑ F1 ↑ Acc. ↑ R2 ↑ MAE ↓

✓ – – – 32.02± 0.33 31.74± 0.19 47.04± 3.67 56.01± 6.49 52.66± 5.20 10.33± 0.40
✓ ✓ – – 32.44± 0.34 32.71± 0.21 48.17± 1.56 57.23± 2.32 46.74± 13.37 10.44± 0.67
– – ✓ ✓ 50.41± 2.43 58.49± 1.22 32.64± 4.30 45.12± 11.06 −155.14± 34.45 25.75± 1.93
✓ ✓ ✓ – 33.21± 0.69 32.83± 0.44 47.25± 1.41 54.93± 3.20 62.51± 3.87 9.43± 0.15
✓ ✓ – ✓ 57.30± 1.65 59.17± 0.44 41.27± 1.19 47.47± 4.88 59.82± 4.56 9.79± 0.47
✓ ✓ ✓ ✓ 58.79± 1.43 60.10± 0.23 47.91± 2.10 57.69± 1.43 62.27± 4.75 9.35± 0.42

Table 6: Retrieval cue analysis.
M2T R@1 of Full MetTok and
metadata only using original and
time-removed captions under all
test and same month candidate
pools.

Candidate Pool Caption Full MetTok Metadata only Rel. Gap

All test samples Original 58.79± 1.43 50.41± 2.43 14.3%
Time removed 15.41± 0.02 6.57± 0.18 57.4%

Same month Original 61.84± 2.48 53.02± 3.41 14.3%
Time removed 38.65± 4.06 23.26± 2.99 39.8%

However, this metadata-only configuration achieves substantially lower performance on weather
condition classification and fails to provide useful sustained wind estimates, achieving 32.64 F1 and
an R2 of −155.14, compared with 47.91 F1 and 62.27 R2 for the full MetTok configuration. To
further examine the role of metadata in retrieval, Table 6 compares the full MetTok configuration
with metadata only using original and time-removed captions under different candidate pools. With
the original captions, the relative gap between the two configurations is 14.3% under both candidate
pools. When temporal information is removed from the captions, the gap increases substantially: the
full configuration achieves 15.41 M2T R@1 compared with 6.57 using metadata only over all test
samples, and 38.65 compared with 23.26 when candidates are restricted to the same calendar month.
Qualitative examples in Figure 7 further show that the full configuration retrieves meteorologically
related events, whereas using metadata alone can retrieve unrelated phenomena. These results and
analysis highlight the importance of meteorological input for semantic and physical inference and
show that it also contributes substantially to retrieval when direct temporal cues are removed.

Training data scaling. We study the effect of training data scale using 10%, 25%, 50%, and 100%
of the training set. Figure 4 demonstrates that performance generally improves across all tasks with
more training data, with the full training set achieving the best performance. The improvements are
particularly notable for retrieval and maximum sustained wind speed estimation, while classifica-
tion and minimum central pressure estimation also benefit from increased data scale. These results
suggest that the model can further benefit from additional meteorology-language supervision.

Source-held-out generalization. We study source-level general-
ization by training Meteo-CLIP while simultaneously removing
AusDE, CanDE, FraDE, IndDE, and MexDE from training, and
then evaluating retrieval on the test sets of the five held-out record
sources. Table 7 shows that the decrease in retrieval performance
varies substantially across sources, which may reflect differences
in source-specific reporting criteria, local terminology, and spatial
granularity. These results highlight the importance of local record
sources for meteorology-language alignment, while showing that
cross-source generalization remains challenging.

Table 7: Source-held-out M2T
R1; mean over 3 runs.

Training Data
Test Data Full Held-Out
AusDE (n=27) 80.2 72.8 (-7.4)

CanDE (n=47) 64.5 63.1 (-1.4)

FraDE (n=966) 24.0 10.6 (-13.4)

IndDE (n=3,835) 69.6 13.1 (-56.5)

MexDE (n=336) 48.1 37.5 (-10.6)

6 CONCLUSION

We present EarthAlign, a large-scale Earth system–language dataset that pairs meteorological data
with multi-style natural language descriptions of diverse natural phenomena and normal-weather
conditions. Alongside EarthAlign, we develop MeteoLIP to learn language-aligned representa-
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tions of high-dimensional meteorological data while incorporating variable-specific, temporal, and
geospatial information. Across cross-modal retrieval, weather-condition classification, and phys-
ical variable estimation, MeteoLIP improves over the corresponding CLIP and SigLIP baselines.
Our analyses further demonstrate the importance of meteorological input, temporal and geospatial
conditioning, multi-style language supervision, and diverse training data for effective meteorology-
language alignment. We believe EarthAlign can provide a useful foundation for advancing language-
aligned multimodal representation learning of Earth system data.
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Ministère de la Transition écologique. Base nationale de gestion ASsistée des procédures adminis-
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APPENDIX

Table 8: Comparison of recent existing multimodal weather and climate datasets by temporal and
geographic coverage, evidence source, natural-phenomenon types, dataset size, and evaluation tasks.

Dataset Years Geo.
Scope

Evidence Source # NP
Types

Size Tasks

WeatherQA 2014–2020 CONUS Expert forecast
analyses

7 8,511 Severe weather MC-VQA and mesoscale case
study generation

ClimateIQA 2023 Global Meteorological
heatmaps

3 26.3k img.
(762.1k QA)

Meteorological anomaly VQA and description
generation

Aquilon 1979–2022 Global Expert-curated
records & ERA5

N/R 444,244 Weather analysis, forecasting, and extreme event
VQA

CLLMate 2015–2023 Global Expert-verified news 13 7,747 Weather and climate phenomena and conse-
quences MC-VQA

MeteorPred 2023–2024 China Agency warnings 7 421,363 Severe weather VQA, MC-VQA, and structured
generation tasks

EarthAlign 2000–2024 Global Expert-curated
records & ERA5

93 553,738 VL alignment: retrieval, classification, and
physical variable estimation

NP: Natural phenomena. N/R: not reported or unknown. VQA: visual question answering. MC:
multiple-choice. VL: vision-language.
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Figure 4: Effect of training data scale. We train Meteo-CLIP with 10%, 25%, 50%, and 100% of the
training data and evaluate model performance across retrieval, classification, and physical variable
estimation. Error bars denote standard deviation over three training runs.
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A QUALITATIVE EXAMPLES

S

Between 29 May and 01 June 2021, heavy
rains triggered general flooding across New
Zealand, affecting Otago, the West Coast,
Auckland, and the Canterbury Region.

In July 2010, a cold wave brought
extreme temperatures to
Argentina, affecting numerous
provinces including Buenos Aires,
Cordoba, and Santa Fe.

In March 2015, volcanic activity at
Villarrica resulted in ash fall across
multiple locations in Chile, including
Pucon, Curarrehue, and Temuco.

On 23 September 2013,
excessive rains triggered a wet
landslide in Caranavi, Bolivia.

A rotating dust cloud, identified as a dust devil
with estimated winds around 60 knots, moved
through Happy Camp in Western Siskiyou
County, California, on March 28, 2000.

A slow-moving winter storm brought
heavy snow and whiteout conditions to
Edmonton, Alberta, and surrounding
areas from March 21 to March 23, 2013.

On 09 October 2000, a
widespread frost and freeze
affected southern Illinois
between 08 UTC and 13 UTC.

Severe weather and storms affected
multiple regions of Venezuela,
including Caracas, Miranda, and
Zulia, from 24 to 27 October 2022.

A drought triggered by
a lack of rain affected
Angola from March
2012 to May 2013.

On 02 February 2000, a
tornado accompanied by rain
struck the town of Newcastle in
KwaZulu-Natal, South Africa.

From July to August 2003,
a heat wave brought
extreme temperatures to
Slovenia.

Between February 5 and February 7,
2011, two major bushfires broke out
across metropolitan Perth, Western
Australia, affecting the Perth Hills area.

Between 15 April 2024 and 16 April
2024, heavy rains triggered flash
flooding and storm conditions in
Dubai, United Arab Emirates.

Tropical Storm Jade impacted
Madagascar between April 6
and April 7, 2009, reaching
speeds of 160 km/h.

On 02 September 2009, a 7.0
moment magnitude earthquake
struck Indonesia, affecting
areas across Jawa Barat, Jawa
Tengah, and DKI Jakarta.

From May to October 2015,
an El Nino-driven drought
affected numerous districts
across Papua New Guinea.

Between 12 and 17 October 2019,
Tropical Cyclone Hagibis struck
Japan, bringing 160 km/h winds to
multiple prefectures including
Tokyo, Nagano, and Fukushima.

On 28 November 2007, a coastal
flood affected several provinces
in the Philippines, including
Pangasinan, Antique, and
Zamboanga Del Sur.

A flash flood occurred in
Karkaraly, Karaganda Region,
Kazakhstan, spanning from 08
April to 12 April 2015.

On 13 November 2015, a
wet landslide occurred in
Lindong, Zhejiang,
China, following a flood.

Example: Tornado and Hail

Location: [43.6, 44.0, -89.6, -88.9] Start Time: 00:00 UTC, 01 May 2010 End Time: 01:00 UTC, 01 May 2010

Captions:

Natural Event Focused

On May 1, 2010, three weak EF0 and EF1 tornadoes and one-
inch hail occurred in Green Lake and Marquette counties in
Wisconsin.

Physical Framing

Two lines of thunderstorms developed across Wisconsin, with
the second line generating three weak tornadoes and one-inch
hail over Green Lake and Marquette counties.

Impact Focused

Three weak EF0 and EF1 tornadoes and one-inch diameter
hail impacted Green Lake and Marquette counties as a line of
thunderstorms moved through the area.

Atmospheric Pattern
Parts of Wisconsin were positioned in the warm sector of a
mid-latitude cyclone with persistent southerly winds ahead of a
cold front, where moderate CAPE and strong shear supported
the development of thunderstorms.

Example: Landslide

Location: [-21.2, 48.0] Start Time: 15 March 2010 End Time: 15 March 2010

Captions:

Natural Event Focused

On 15 March 2010, a complex landslide occurred in the
Mananjary District of Vatovavy, Madagascar, triggered by
Tropical Storm Hubert.

Physical Framing

Torrential rain from a tropical cyclone drenched south-east
Madagascar, resulting in mudslides across the Mananjary
District.

Impact Focused

The passage of Tropical Storm Hubert brought torrential
rainfall to Madagascar, triggering complex mudslides in the
Vatovavy region.

Atmospheric Pattern

A tropical cyclone named Hubert produced torrential rain over
south-east Madagascar, creating the conditions for a complex
landslide.

Figure 5: Examples from EarthAlign. The global map illustrates geographically diverse natural-
event records, while the bottom panels provide detailed examples of a tornado and hail event, and a
landslide with their spatial and temporal metadata along with four grounded caption styles.
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Natural Event
Focused

1. Between June 19 and June
28, 2013, a massive storm
system caused significant
flooding across southern
Alberta, Canada.
Torrential rain led to a
mudslide and caused the
Bow and Elbow Rivers to
flood. — Source: CanDE ·
Ground truth

2. A riverine flood occurred
in Calgary, Alberta,
Canada, between 20 June
2013 and 27 June 2013. —
Source: EM−DAT

3. On 20 June 2013, a
downpour triggered a
mudslide near Mt. Norquay
in Alberta, Canada, while
heavy rains caused Cougar
Creek in Canmore to
overflow. — Source: COOLR

Physical Framing

1. Floodwaters covered an area
of 307,926 square kilometers
during a riverine flood in
Calgary, Alberta, Canada. —
Source: EM−DAT

2. Riverine flooding persisted
in Alberta, Canada,
continuing until May 31,
2011. — Source: EM−DAT

3. Heavy rain spanned a region
from Canmore to Calgary,
producing an average of 75
to 150 mm over a three-day
period. The storm system
initially affected northern
Alberta, where the Hanging
Stone River breached its
banks, before moving south
and lingering over the
southern part of the
province. — Source: CanDE ·
Ground truth

Impact Focused

1. Torrential rain from the
storm system triggered a
mudslide and caused severe
river flooding in Alberta.
The Hanging Stone River
breached its banks in the
north, while the Bow and
Elbow Rivers flooded
further south, alongside
significant flooding in
High River and Canmore. —
Source: CanDE · Ground
truth

2. A downpour in Alberta
resulted in overflowing
floodwaters from Cougar
Creek and a mudslide in
Improvement District No.
9. — Source: COOLR

3. Riverine flooding impacted
Calgary, Alberta, Canada.
— Source: EM−DAT

Atmospheric
Pattern

1. Riverine flooding
conditions persisted
in Calgary, Alberta,
Canada, ending on 27
June 2013. — Source:
EM−DAT

2. A massive storm system
crept through Alberta,
moving south on June
19 and remaining over
southern Alberta for
three days, delivering
75 to 150 mm of heavy
rain. — Source: CanDE
· Ground truth

3. Heavy rains and a
downpour over Alberta,
Canada, drove the
destabilization of
local creek banks and
triggered a mudslide.
— Source: COOLR
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Figure 6: Qualitative results using the MeteoLIP meteorology and text encoders. (a) M2T re-
trieval retrieves captions describing the same or closely related event across different caption styles.
(b) The cold-wave example assigns the highest probability to cold wave, followed by winter weather
and frost. (c) The similarity profiles over candidate physical values show peaks around the predicted
minimum central pressure and maximum sustained wind speed.
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Ground Truth Full MetTok Geo. + Time Only

Example 1

A bushfire broke
containment lines from
a prescribed burn in
Leeuwin-Naturaliste
National Park in
Western Australia. A
subsequent fire
started at Nannup,
contributing to a
broader outbreak of
fires across the
region.

1. A bushfire broke containment lines from a prescribed burn in
Leeuwin-Naturaliste National Park in Western Australia. A
subsequent fire started at Nannup, contributing to a broader
outbreak of fires across the region.
2. Land fires involving brush and pasture burned across the
Tasmanian locations of Sommers Bay, Dunalley, and Bicheno in
Australia.
3. Two major bushfires broke out across metropolitan Perth,
Western Australia, affecting the Perth Hills area.
4. A land fire burned through brush and pasture in the Margaret
River region of Western Australia.
5. An extreme heatwave affected South Australia and Victoria.
Temperatures exceeded 40 degrees Celsius in multiple locations,
including Adelaide, Melbourne, and Dartmoor, which recorded a
maximum of 43 degrees Celsius.

1. A series of severe storms struck Perth and Southern Western
Australia. The events included a brief tornado with 125 km per hour
winds in Dianella and Morley, followed by heavy rain , thunder , and
wind gusts up to 140 km per hour.
2. A cyclone , reported as either tropical or extratropical, was active
in the South Indian basin off Western Australia, with maximum
sustained winds of 20 knots and a central pressure of 1000 mbar.
3. A tropical cyclone was active in the Western Australia sub-basin
of the South Indian Ocean, with maximum sustained winds of 20
knots and a central pressure of 1000 mbar.
4. A tropical cyclone was active in the Western Australia sub-basin
of the South Indian Ocean, with maximum sustained winds of 20
knots and a central pressure of 1000 mbar.
5. A tropical cyclone was active in the Western Australia sub-basin
of the South Indian Ocean, with maximum sustained winds of 20
knots and a central pressure of 1000 mbar.

Example 2

Post-Tropical Storm
Irene moved north
into Canada, bringing
heavy rain and
strong wind gusts to
Quebec and the
Maritime provinces.

1. Post-Tropical Storm Irene moved north into Canada, bringing
heavy rain and strong wind gusts to Quebec and the Maritime
provinces.
2. Heavy rains from a tropical cyclone triggered a landslide in
L'Assomption, Quebec, Canada.
3. Extratropical cyclone conditions were observed over Quebec,
Canada, with maximum sustained winds of 40 knots and a central
pressure of 987 millibars.
4. Wildfires and associated smoke affected the communities of
North West River and Sheshatshiu in Newfoundland and Labrador,
Canada.
5. An extratropical cyclone was located over New Brunswick,
Canada, with maximum sustained winds of 40 knots and a central
pressure of 1002 mbar.

1. Normal weather conditions were observed across parts of
Canada, including Quebec, New Brunswick, Nova Scotia, Prince
Edward Island, and Newfoundland and Labrador.
2. Normal weather conditions were observed across parts of
Canada, including New Brunswick, Ontario, Prince Edward Island,
and Quebec.
3. Normal weather conditions were observed across Newfoundland
and Labrador and Quebec, Canada.
4. Normal weather conditions were observed across New
Brunswick and Quebec, Canada.
5. Normal weather conditions were observed across New
Brunswick and Quebec, Canada.

Example 3

A downpour triggered
a landslide in Santa
Cruz County,
California, causing a
combination of shale
and mud to give way.

1. A downpour triggered a landslide in Santa Cruz County,
California, causing a combination of shale and mud to give way.
2. A downpour triggered at least two mudslides in the Santa Cruz
mountains of California.
3. Downpours triggered landslides in Marin County and along the
Central California coast near Big Sur and Carmel.
4. A storm brought heavy rain and winds to Central and Northern
California, triggering a mudslide and downing trees in Monte Rio.
5. A downpour triggered a complex landslide along the steep cliffs
south of Carmel in Monterey County, California.

1. Strong winds with estimated gusts around 35 knots affected
Northern Monterey Bay, California.
2. A strong wind event brought estimated gusts of 33 to 61 knots to
the San Francisco and Monterey Bay areas of California.
3. A series of systems brought heavy rain and strong winds to the
San Francisco and Monterey Bay areas of California, resulting in
floods , flash floods , and debris flows .
4. Downpours triggered landslides in Marin County and along the
Central California coast near Big Sur and Carmel.
5. A series of storm systems brought strong winds , heavy rain ,
and debris flows to the San Francisco and Monterey Bay areas of
California.

Example 4

An extreme heatwave
affected northeast
Iowa, bringing
maximum apparent
temperatures between
100 and 110 each day.

1. Excessive heat settled over northeast Iowa, producing afternoon
heat indices between 110 and 120.
2. An excessive heat event affected Iowa, featuring daily
temperatures in the 90s and overnight lows remaining in the 70s.
3. An extreme heatwave affected northeast Iowa, bringing
maximum apparent temperatures between 100 and 110 each day.
4. An excessive heat event affected multiple counties in Iowa, with
afternoon temperatures reaching the upper 90s to lower 100s.
5. A significant heat wave affected multiple counties in Iowa,
bringing the hottest weather with maximum temperatures soaring
into the 90s and lower 100s.

1. A mudslide triggered by a downpour and flash flooding
uprooted a tree in Lansing Township, Iowa.
2. Several rounds of thunderstorms brought heavy rain , hail up to
1 inch, and wind gusts of 55 to 70 knots to northeast Iowa.
3. Thunderstorms brought heavy rain , lightning , and hail up to
one inch in diameter, leading to flash flooding across Floyd and
Winneshiek counties in Iowa.
4. A couple rounds of thunderstorms brought heavy rain , hail ,
and strong winds to northeast Iowa.
5. Severe thunderstorms produced estimated wind gusts around
52 to 55 knots across parts of northeast Iowa.

Figure 7: Qualitative comparison of M2T retrieval using the full MetTok configuration and geoloca-
tion+time only, showing the top-5 retrieved texts for each ground-truth event, with green indicating
meteorologically related events and red indicating unrelated phenomena. Full MetTok retrieves more
meteorologically relevant events, while geolocation and time alone can retrieve unrelated phenom-
ena.
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Table 9: Expert-curated natural event and disaster sources used in EarthAlign. The table reports the
geographic scope, provider type, natural phenomena type, years used, and number of records after
source-specific processing.

Source Geographic Scope Provider Type Natural Phenomena Type Years Used Num. of Records

EM-DAT Global Research institution Natural hazards and disasters 2000–2024 25,172
NOAA United States Government agency Severe weather events 2000–2024 286,292
IBTrACS Global Government agencies Cyclones 2000–2024 84,764
COOLR Global Government agency Landslides 2000–2024 12,511
PIKART Global Research institution Atmospheric rivers 2000–2023 36,840
AusDE Australia Government agency Natural hazards and disasters 2000–2014 95
MexDE Mexico Government agency Natural hazards and disasters 2000–2016 1,628
CanDE Canada Government agency Natural hazards and disasters 2000–2022 385
IndDE Indonesia Government agency Natural hazards and disasters 2008–2024 34,623
FraDE France Government agency Natural hazards and disasters 2000–2024 6,875

B DATASET SAMPLES RECORD CONSTRUCTION

B.1 EXPERT-CURATED NATURAL EVENT AND DISASTER RECORDS

We collect natural event and disaster records from 10 expert-curated sources, summarized in Table 9.
We apply source-specific processing to construct standardized metadata records. The resulting meta-
data is subsequently used to ground multi-style caption generation. We describe the processing for
each source below.

NOAA Storm Events Database. The event record source (NOAA NCEI) provides records of severe
weather events across the United States. We retain records from 2000–2024 and extract the available
event metadata, including the episode and event narratives, event type, state and county, start and
end times, event magnitude and magnitude type, flood cause, and tornado F/EF-scale rating. We
further group event records using the combination of EPISODE ID and EPISODE NARRATIVE,
and aggregate the associated event types, measurements, event narratives, locations, and start and
end times. We additionally convert all reported local start and end times to UTC. To obtain a stan-
dardized geospatial extent for each episode, we map the reported state and county or weather-zone
information to official U.S. geographic boundary data1 using GeoPandas, and convert the matched
geographic boundaries to their enclosing latitude–longitude bounding box. We then construct a stan-
dardized metadata record containing the episode start and end times, event types, location, available
physical measurements, flood cause, tornado F/EF-scale rating, and narrative.

IBTrACS. IBTrACS (Knapp et al., 2010; Gahtan et al., 2024) provides the most comprehensive
global archive of tropical cyclones. We retain records from 2000–2024 and extract the available
metadata, including basin and sub-basin, cyclone nature, time, center location, WMO wind and
pressure, storm translation speed and direction, and agency-provided cyclone classifications. We
further retain only main-track records with agency-reported position and intensity values, i.e. those
whose TRACK TYPE is main and whose IFLAG contains O or V. We exclude records with an
unknown or unreported cyclone nature. To obtain more detailed location information, we reverse
geocode cyclone center coordinates using OpenStreetMap2 for records whose DIST2LAND is less
than 50 km. We additionally derive a more specific cyclone subcategory from the available agency-
specific classifications while preserving differences among agency classifications. We then construct
a standardized metadata record containing the snapshot time, basin and sub-basin, center location,
cyclone nature and subcategory, WMO wind and pressure, and storm translation speed and direction.

EM-DAT. EM-DAT (Delforge et al., 2025) provides records of major disasters worldwide. We
retain records from 2000–2024 whose disaster group is Natural and whose disaster subgroup

1https://www2.census.gov/geo/tiger/GENZ2024/shp/cb_2024_us_county_500k.
zip,https://www.weather.gov/source/gis/Shapefiles/WSOM/z_18mr25.zip,https:
//www.weather.gov/source/gis/Shapefiles/WSOM/mz18mr25.zip,https://www.weat
her.gov/source/gis/Shapefiles/WSOM/oz18mr25.zip,https://www.weather.gov/so
urce/gis/Shapefiles/WSOM/hz20fe25.zip

2https://www.openstreetmap.org/
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is Climatological, Meteorological, Hydrological, or Geophysical, and exclude
records with missing start or end years. We extract the available metadata, including disaster type
and subtype, event name, country, location, origin, associated disaster types, magnitude and magni-
tude scale, and start and end dates. Each disaster record is uniquely identified by its DisNo.. To
obtain a standardized geospatial extent for each record, we geocode each reported location using
OpenStreetMap and aggregate the resulting geospatial boundaries to derive an enclosing latitude–
longitude bounding box. For disasters spanning large geographic extents, we further perform spatial
upsampling by generating localized bounding boxes for subregions within the original extent. Start-
ing from 9,380 filtered records, our upsampling strategy generates 15,792 additional samples from
2,041 large-extent records. We then construct a standardized metadata record containing the disas-
ter type and subtype, event name, origin, associated disaster types, magnitude and magnitude scale,
start and end dates, and locations.

COOLR. COOLR (Juang et al., 2019) provides records of reported landslides and mass movements
worldwide. We retain records from 2000–2024 with available latitude and longitude coordinates and
extract the available metadata, including event date, event title and description, landslide category
and trigger, and coordinates. To obtain a textual location for each event, we reverse geocode the
reported latitude–longitude coordinates using OpenStreetMap and exclude records for which reverse
geocoding does not return a location. We then construct a standardized metadata record containing
the landslide category and trigger, location, event date, event title, and event description.

PIKART. PIKART (Vallejo-Bernal et al., 2025) provides a global high-resolution catalog of atmo-
spheric rivers derived from ERA5 meteorological data based on integrated vapor transport (IVT).
We retain records from 2000–2023 and select one timestamp from each atmospheric river track. For
each selected timestamp, we extract the available metadata, including intersected continents, mean
IVT, track centroid speed, and track centroid positions, and use the corresponding atmospheric river
extent as the geospatial extent. To provide a qualitative characterization of IVT magnitude, we com-
pute the distribution of mean IVT across all timestamps and tracks and categorize values below the
10th percentile as low, above the 90th percentile as high, and between the 40th and 60th per-
centiles as moderate. We additionally derive the atmospheric river propagation direction from
the displacement of the track centroid between the beginning and end of each track. We then con-
struct a standardized metadata record containing the snapshot time, intersected continents, mean
IVT magnitude and category, and track-mean atmospheric river propagation speed and direction.

AusDE. AusDE (Australian Government, Attorney-General’s Department, 2023) provides records
of events and disasters across Australia from a government-curated source. We retain records from
2000–2014, exclude events occurring outside Australia, and remove non-natural events such as
transport accidents, criminal acts, and industrial incidents. We extract the available metadata, in-
cluding event title and description, start and end dates, and latitude–longitude coordinates. To obtain
a standardized geospatial extent for each record, we use GPT-5.5 Pro with the event title, description,
and provided coordinates to derive a latitude–longitude bounding box corresponding to the affected
area. We then construct a standardized metadata record containing the disaster title, start and end
dates, and event description.

MexDE. MexDE (Centro Nacional de Prevención de Desastres (CENAPRED), 2023) provides
records of events and disasters across Mexico from a government-curated source. We retain records
from 2000–2024 and exclude non-natural events such as chemical events. We extract the available
metadata, including state, municipality, start and end dates, phenomenon type, classification, and
observations, and translate the original Spanish-language metadata into English using GPT-5.5. We
further group records sharing the same start date, end date, phenomenon type, classification, and
observations. To obtain a standardized geospatial extent for each record, we geocode each reported
municipality and state using OpenStreetMap, and aggregate the resulting bounding boxes to derive
an enclosing latitude–longitude bounding box. We then construct a standardized metadata record
containing the phenomenon type, observations, start and end dates, and location.

CanDE. CanDE (Public Safety Canada, 2026) provides records of events and disasters across
Canada from a government-curated source. We retain records from 2000–2024 whose event group
is Natural and exclude records whose event subgroup is Biological. We extract the avail-
able metadata, including event group and subgroup, disaster type, start and end dates, reported
places, affected provinces, and event comments. To obtain a standardized geospatial extent for each
record, we use GPT-5.5 Pro with the reported places, affected provinces, and event comments to
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Figure 8: Examples of spatial grid-cell sampling for climatology-based normal-weather identifica-
tion on California and Abu Dhabi.

derive a latitude–longitude bounding box corresponding to the affected area. We then construct a
standardized metadata record containing the disaster type, locations, start and end dates, and event
description.

IndDE. IndDE (Badan Nasional Penanggulangan Bencana, 2026) provides records of events and
disasters across Indonesia from a government-curated source. We retain records from 2000–2024
and exclude non-natural incidents such as residential fires, social conflicts, and technological fail-
ures. We extract the available metadata, including disaster type, event type, province, regency or
city, date, and time, and translate the disaster and event types from Indonesian into English using
GPT-5.5. We further group records sharing the same disaster type, event type, province, and date,
and aggregate their associated locations. We also remove reported times of 08:08:08 AM and
12:01:00 AM, which occur anomalously frequently in the source, and convert the remaining lo-
cal times to UTC. To obtain a geospatial extent for each record, we geocode each reported regency
or city using OpenStreetMap, and aggregate the resulting bounding boxes to derive an enclosing
latitude–longitude bounding box. We then construct a standardized metadata record containing the
disaster type and subtype, date, and locations.

FraDE. FraDE (Ministère de la Transition écologique, 2026) provides records of events and dis-
asters across France from a government-curated source. We retain records from 2000–2024 and
extract the available metadata, including disaster type, start and end dates, and municipality name
and code. We further group records sharing the same disaster type, start date, and end date, and
aggregate their associated municipalities. We translate the disaster type names from French into
English using GPT-5.5. To obtain a standardized geospatial extent for each record, we match each
reported municipality to its corresponding French commune3 and aggregate the resulting adminis-
trative boundaries to derive a latitude–longitude bounding box. We then construct a standardized
metadata record containing the disaster type, start and end dates, and locations.

B.2 CLIMATOLOGY-BASED NORMAL-WEATHER SAMPLING

For each first-level administrative unit (ADM1), we identify ERA5 grid cells within its geoBound-
aries administrative boundary (Runfola et al., 2020) and randomly sample 20% of the cells, with at
least 10 cells whenever possible. For instance, as illustrated in Figure 8, this yields 147 sampled grid
cells for California and 22 for Abu Dhabi. For each sampled cell, we retrieve ERA5 hourly variables
from 1991 to 2025, including 2m temperature, 2m dewpoint temperature, skin temperature, mean
sea-level pressure, surface pressure, sea-surface temperature, 10m and 100m wind speed, 10m wind
gust, total precipitation, surface solar radiation downwards, cloud base height, significant height of

3French commune boundary data
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Table 10: Variable-specific climatological criteria used for normal-weather sampling. Percentiles
are computed independently for each ERA5 grid cell, day of year, UTC hour, and variable over the
1991–2020 reference period using a centered ±2-day window.

Criterion Variables

P05–P95 2m temperature; 2m dewpoint temperature; skin temperature; mean sea-level pres-
sure; surface pressure; sea-surface temperature

≤ P90 10m wind speed; 100m wind speed; 10m wind gust; total precipitation (1h, 3h, 6h,
and 24h); 3h mean sea-level pressure change; significant height of combined wind
waves and swell; mean wave period

≥ P10 Dewpoint depression; surface solar radiation downwards; cloud base height

combined wind waves and swell, and mean wave period, when applicable. We additionally derive
3h, 6h, and 24h precipitation accumulations, 3h mean sea-level pressure change, and dewpoint de-
pression. The complete set of variables and their corresponding normality criteria is summarized in
Table 10. For each grid cell, variable, day of year, and UTC hour, we estimate the climatological
thresholds over the 1991–2020 WMO reference period (WMO, 2017) using observations pooled
from the centered ±2-day window, yielding 150 observations for each threshold estimate. We then
apply the grid-cell- and ADM1-level normality rules described in Section 3.1 to identify eligible
normal-weather hours. We further restrict the resulting candidate pool to 2000–2024 and perform
global sampling, yielding 64,553 normal-weather samples.

C MULTI-STYLE GROUNDED CAPTION GENERATION AND AUDIT

C.1 CAPTION GENERATION

For each metadata record, we use Gemini 3.1 Pro to generate one caption in each of four styles.
Natural-event-focused captions describe the event or phenomenon directly, with time and location
information when available; physical-framing captions emphasize its supported spatial or tempo-
ral organization; impact-focused captions emphasize supported weather-, climate-, environmental-,
or hazard-related effects; and atmospheric-pattern captions emphasize provided meteorological or
environmental conditions and setup. The generation prompt requires all captions to be directly sup-
ported by the input metadata and prohibits unsupported causes, impacts, forecasts, and descriptive
modifiers. When the metadata does not sufficiently support a requested style, the model is instructed
to produce a minimal grounded caption rather than infer missing style-specific content. The repre-
sentative metadata and generated captions are shown in Figure 9. We further report the distribution
of caption lengths in Figure 10. The full generation prompt is provided below.

Grounded Caption Generation Prompt

You are an expert caption writer for climate and weather data.
Task: Generate grounded captions from the provided metadata/context.
Goal: Produce stylistically diverse captions that are strictly supported by the input, preserve informa-
tive uncertainty when present, and are suitable for text-ERA5 climate data alignment.
Hard constraints:
• Do not add any fact that is not directly supported by the input.
• Do not infer specific causes, future outcomes, identities, or impacts unless explicitly given.
• Do not describe objects, actions, regions, or conditions not present in the metadata/context.
• If a detail is missing, leave it out.
• If the input contains explicit uncertainty, disagreement, multiple reported classifications, or alterna-

tive labels, do not replace them with a single definite claim. Retain the ambiguity when it is relevant
to the caption.

• Do not mention missing, unspecified, or unavailable information.
• Do not force all supported metadata into every caption. Include only the details that best fit the

requested style.
• Do not refer to the metadata, narrative, source text, or report inside the caption.
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Metadata Generated Captions

E
M

-D
A

T Disaster Type: Storm
Disaster Subtype: 
Lightning/Thunderstorms
Start Time: 24 April 2023
End Time: 25 April 2023
Locations: Sri Lanka

Natural Event Focused: Lightning and thunderstorms occurred in Sri Lanka from 24 April 2023 
to 25 April 2023.
Physical Framing: Storm activity featuring lightning spanned across Sri Lanka.
Impact Focused: Sri Lanka was affected by a storm producing lightning and thunderstorms.
Atmospheric Pattern: Storm conditions over Sri Lanka were characterized by lightning and 
thunderstorms.

N
O

A
A

Begin Time: 18:00 UTC, 29 June 
2023
End Time: 19:00 UTC, 29 June 2023
Event Type: Hail
State (County): WISCONSIN 
(MILWAUKEE and WASHINGTON)
Measurement(s): largest hail 
magnitudes around 0.75-1 inches
Narrative: Isolated strong 
thunderstorms developed in the...

Natural Event Focused: Between 18 UTC and 19 UTC on 29 June 2023, isolated strong 
thunderstorms produced hail up to 1 inch in magnitude across Milwaukee and Washington 
counties in Wisconsin.
Physical Framing: Large hail measuring 0.75 to 1 inch fell across the Milwaukee Metropolitan 
area as isolated strong thunderstorms developed over the region.
Impact Focused: Hailstones reaching up to 1 inch in magnitude struck parts of Milwaukee and 
Washington counties during isolated strong thunderstorms.
Atmospheric Pattern: Isolated strong thunderstorms developed along or near a lake breeze 
front or surface trough in the Milwaukee Metropolitan area, producing large hail.

IB
T

rA
C

S

Snapshot Time: 03:00 UTC, 17 
October 2022
Basin: Western North Pacific
Cyclone Nature: tropical cyclone
Cyclone Subnature: typhoon
Storm Speed: 7.0
Storm Direction: 250.0

Natural Event Focused: A typhoon was active in the Western North Pacific at 03 UTC on 17 
October 2022.
Physical Framing: The tropical cyclone tracked across the Western North Pacific at a speed of 
7 knots toward 250 degrees.
Impact Focused: A typhoon moved through the Western North Pacific on 17 October 2022.
Atmospheric Pattern: A tropical cyclone in the Western North Pacific was moving at 7 knots 
on a 250-degree heading.

C
O

O
L

R

Landslide Category: Landslide
Location: Tijuana, Municipio de 
Tijuana, Baja...
Event Date: 27 March 2023
Event Title: Fraccionamiento La 
Sierra
Event Description: El deslizamiento 
provocó el colapso de un...

Natural Event Focused: On 27 March 2023, a landslide occurred in the Fraccionamiento La 
Sierra area of Tijuana, Baja California, Mexico.
Physical Framing: A landslide was recorded within the municipality of Tijuana, Baja California.
Impact Focused: A landslide event struck Tijuana, Mexico, on 27 March 2023.
Atmospheric Pattern: Landslide conditions developed in the Fraccionamiento La Sierra area 
of Mexico in late March 2023.

P
IK

A
R

T

Record: Atmospheric River (AR) 
Snapshot
Snapshot Time: 21:00 UTC, 26 
March 2023
Intersected Continents: asia
Mean IVT Magnitude: 276.623
Mean IVT Category: weak IVT
Propagation Speed: 39.328
Propagation Direction: eastward

Natural Event Focused: A weak atmospheric river moved eastward across Asia at 21 UTC on 
26 March 2023.
Physical Framing: The atmospheric river propagated eastward over the Asian continent at 
approximately 39 km/h, maintaining a mean integrated vapor transport magnitude of roughly 
276 kg/(m·s).
Impact Focused: A weak atmospheric river event was recorded over Asia on 26 March 2023.
Atmospheric Pattern: An eastward-propagating atmospheric river exhibited weak integrated 
vapor transport over Asia.

A
u

s
D

E Disaster: Landslide - Somersby
Start Date: 2007-06-08
End Date: 2007-06-08
Description: On the 8 June 2007, 
Piles Creek was in flood...

Natural Event Focused: On June 8, 2007, heavy rain caused Piles Creek to flood, resulting in 
a landslide in Somersby.
Physical Framing: Excessive rainfall drove soil erosion and a landslide around the flooded 
Piles Creek in Somersby.
Impact Focused: Flooding along Piles Creek resulted in soil erosion and a landslide.
Atmospheric Pattern: An east coast low generated the heavy rain that led to flooded 
conditions at Piles Creek.

M
e
x
D

E

Phenomenon: Tropical cyclone
Observation(s): Tropical wave
Start Date: 2005-08-24
End Date: 2005-08-25
Location: Mexico, Michoacan, 
Aguililla

Natural Event Focused: A tropical cyclone, observed as a tropical wave, affected Aguililla, 
Michoacan, Mexico, from August 24 to August 25, 2005.
Physical Framing: Over the course of two days, a tropical wave moved through the region of 
Aguililla in Michoacan, Mexico.
Impact Focused: Tropical cyclone conditions were observed in Aguililla, Mexico, in late August 
2005.
Atmospheric Pattern: A tropical wave associated with a tropical cyclone was observed over 
Michoacan, Mexico, between August 24 and August 25, 2005.

C
a
n

D
E

Disaster Type: Flood
Location(s): Canada: Yukon
Start Date: 2022-04-30
End Date: 2022-07-20
Description: The winter and spring 
leading up to the flood...

Natural Event Focused: Between April 30 and July 20, 2022, a series of 16 flood events 
occurred across the Yukon in Canada following higher than normal snowpacks.
Physical Framing: Flooding conditions extended across the entire Yukon territory, 
encompassing 16 distinct flood events by July 13, 2022.
Impact Focused: Higher than normal winter and spring snowpacks resulted in an increasing 
flood risk and ultimately 16 flood events across the Yukon.
Atmospheric Pattern: The winter and spring seasons preceding the 2022 flooding featured 
higher than normal snowpacks across many regions of the Yukon.

In
d

D
E

Disaster Type: Drought
Disaster Subtype: Drought
Date: 5 May 2023
Locations: Country: Indonesia, 
Province: Jawa Barat,...

Natural Event Focused: A drought occurred in Bogor, Jawa Barat, Indonesia, on 5 May 2023.
Physical Framing: Drought conditions affected the region of Bogor in Jawa Barat, Indonesia.
Impact Focused: The area of Bogor, Jawa Barat, experienced a drought on 5 May 2023.
Atmospheric Pattern: Dry conditions characterized a drought event in Bogor, Jawa Barat, 
Indonesia.

F
ra

D
E

Disaster Type: Drought
Start Date: 2022-01-01
End Date: 2022-12-31
Locations (France): Grand Est, 
Meuse, Douaumont-Vaux

Natural Event Focused: A drought occurred in Douaumont-Vaux, Meuse, within the Grand Est 
region of France, lasting throughout 2022.
Physical Framing: Drought conditions extended across the Grand Est region of France, 
including the Meuse area of Douaumont-Vaux, persisting from January 1 to December 31, 2022
Impact Focused: The Grand Est region of France, specifically Douaumont-Vaux in Meuse, 
experienced a prolonged period of drought during 2022.
Atmospheric Pattern: Persistent dry conditions characterized a year-long drought in 
Douaumont-Vaux, France, spanning the entirety of 2022.

N
o

rm
a
l 

W
e
a
th

e
r

Condition: Normal Weather
Start Time: 9 UTC, 2021-11-16
End Time: 11 UTC, 2021-11-16
Location(s): Mexico, Sonora

Natural Event Focused: Normal weather conditions were observed in Sonora, Mexico, 
between 9 UTC and 11 UTC on November 16, 2021.
Physical Framing: Typical weather conditions extended across Sonora, Mexico, on November 
16, 2021.
Impact Focused: Normal weather prevailed in Sonora, Mexico, on November 16, 2021.
Atmospheric Pattern: A period of normal weather was recorded over Sonora, Mexico, from 9 
UTC to 11 UTC.

Figure 9: Representative metadata records and their generated captions across record sources.

• Do not convert numeric or categorical metadata into qualitative descriptions unless that wording is
directly supported by the input.
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• Do not add unsupported descriptive modifiers such as compact, broad, organized, intense, weak,
rapidly, slowly, strengthening, or weakening.

• Do not mention vehicles, casualties, injuries, deaths, missing people, houses, buildings, infrastruc-
ture, property damage, economic losses, or other human-impact or built-environment details. Focus
only on the supported natural phenomena, weather conditions, environmental conditions, or natural
hazard type.

• If a requested style is not supported, still produce that caption, but reduce it to a minimal, fully
grounded restatement of the event rather than inventing missing structure, impacts, or atmospheric
setup.

• Do not make every caption a full recap of the same event metadata.
• When mentioning time, use hour-only format such as 21 UTC, not 21:00 UTC.
• Do not repeat the same system name, event name, storm name, phenomenon name, or cyclone name

in every caption.
• Do not mention exact time in every caption. Use time only when it is important to the grounded

description or helps distinguish the event more clearly.
Writing requirements:
• Write exactly one caption for each style.
• Keep each caption natural, clear, and concise.
• Ensure each caption reads smoothly as a standalone caption.
• Each caption must stand on its own and should not assume prior context.
• Avoid generic referents such as ”the system” when a more natural grounded alternative can be used.
• Prefer caption-like phrasing over report-like phrasing.
• Make the captions stylistically different by varying emphasis, structure, and phrasing, not by intro-

ducing unsupported facts or unsupported interpretations.
• Avoid repeating the same wording, sentence structure, or lead phrase across captions.
• Prefer a single sentence, but use 2 to 3 sentences when needed to capture supported details.
• Correct obvious surface errors such as typos, stray punctuation, spacing issues, duplicated words,

and minor formatting problems when the intended meaning is clear.
• Write all location names in plain ASCII. Use common English names or ASCII romanized forms for

locations that contain accents, non-Latin scripts, or special punctuation.
• Do not discard informative input details solely because they are uncertain or reported differently;

maintain their uncertainty status when relevant to the caption.
• If the input includes too many location names, you may summarize them with a shorter shared

parent location only when that summary is clearly supported by the input and does not introduce a
new regional interpretation.

• If you mention a date, you must include the full supported date including the year.
• Before writing each caption, select only the input details most relevant to that style, and do not reuse

the same full set of details across all four captions unless the input does not provide enough distinct
supported details to differentiate them further.

• When the input lacks enough distinct supported details for strong stylistic separation, keep weakly
supported captions shorter and more selective rather than repeating the same full metadata summary.

• Express numeric metadata naturally, and avoid raw technical notation when it does not read smoothly
as a caption.

Allowed caption styles:
1. natural event focused

• Focus on what is happening in a straightforward and natural way.
• Do not include unrelated human-interest details, casualty counts, or incidental impacts.
• Date and time may be included when it helps anchor the event naturally.

2. physical framing
• Focus on how the event or conditions were distributed, organized, extended, or expressed across

space or time.
• Prefer wording about extent, spread, concentration, coverage, or visible physical conditions when

supported.
• Do not simply restate the natural-event caption with reordered wording.
• Do not include time unless it is needed to describe the supported spatial or temporal arrangement.

3. impact focused
• Focus on supported climate-, weather-, environmental, or hazard-related effects of the event.
• Avoid named individuals, casualty counts, and highly itemized damage unless explicitly needed.
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• Do not center unrelated human-interest or incidental impacts.
• If only human-loss impacts are supported, describe the event itself without adding consequences.
• Do not include time unless it is needed to anchor the reported impacts.

4. atmospheric pattern
• Focus on atmospheric, meteorological, or environmental setup only when it is explicitly described

in the input.
• Do not introduce meteorological structure unless it is supported.
• If no such pattern is explicitly supported, keep the caption grounded by describing the reported

conditions.
• Do not include time unless it is needed to ground the reported setup or evolution.

Final check before answering:
• Is every statement directly supported by the input?
• Are unsupported causes, impacts, and forecasts excluded?
• Were obvious surface errors cleaned up without changing the meaning or introducing unsupported

interpretations?
• If multiple locations were summarized, is the shared location label clearly supported by the input?
• Is each caption aligned with its style?
• Is each caption concise and natural?
• Is the output valid JSON with exactly the required keys?
Output format:
Return valid JSON only, with exactly the required keys and string values.
Do not output markdown, comments, code fences, or any text outside the JSON object.
Input metadata/context:
{input placeholder}
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Figure 10: Distribution of generated caption lengths measured by using the CLIP text tokenizer. We
report the overall distribution, distributions across the four caption styles, and distributions across
record data sources.

C.2 CAPTION AUDIT AND ERROR ANALYSIS

Caption audit. A trained graduate annotator manually audits 440 captions, comprising 10 records
from each of 11 record sources (i.e. 10 expert-curated natural event and disaster sources and the
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normal-weather samples) across all four caption styles. Each caption is evaluated for date/time ac-
curacy, location accuracy, event/phenomenon accuracy, trigger/cause accuracy, unsupported added
detail, unsupported modifiers, weather/climate focus, and standalone clarity. Table 11 summarizes
the results, with a caption counted as passing only when all audit criteria are satisfied.

Error analysis. Among the erroneous captions, the most frequent audit failure category is weath-
er/climate focus (7 cases), followed by location accuracy (6), unsupported modifiers (2), trigger/-
cause accuracy (2), unsupported added detail (1), and event/phenomenon accuracy (1). Table 12
provides representative examples. In particular, several impact-focused failures emphasize human
consequences such as drowning or transport accidents rather than focusing on weather, climate, envi-
ronmental, or hazard-related effects. Other errors arise from overgeneralized locations, unsupported
qualitative modifiers, or descriptions that alter the identity of the reported phenomenon.

Table 11: Manual audit results for generated captions. A trained graduate annotator verified 10
samples from each record source across all caption styles, totaling 440 captions.

Caption Style Audited Passed Pass Rate

Natural Event Focused 110 110 100.00%
Physical Framing 110 108 98.18%
Impact Focused 110 98 89.09%
Atmospheric Pattern 110 105 95.45%

Overall 440 421 95.68%

D ERA5 DATA ALIGNMENT AND PREPROCESSING

ERA5 variables. We retrieve ERA5 hourly data on single and pressure levels through the Coper-
nicus Climate Data Store (CDS) API. Each meteorological input contains 28 single-level variables,
comprising 25 atmospheric and land variables and 3 wave variables, together with 7 pressure-level
variables at 925, 850, 700, 500, and 300 hPa. This results in 63 variables in total. The complete
variable set is listed in Table 13.

Temporal alignment. We align each processed record to a single ERA5 hour based on its available
temporal information. For IBTrACS, PIKART, and NOAA or IndDE records with an exact times-
tamp, we use the reported timestamp directly. For NOAA and climatology-based normal-weather
records specified over a start–end time interval, we uniformly sample one hourly timestamp within
the reported interval. COOLR and some IndDE records provide only a date; for these records, we
uniformly sample one of the 24 hours within the reported day in local time and subsequently con-
vert it to UTC. EM-DAT, FraDE, CanDE, AusDE, and MexDE provide date ranges, from which
we uniformly sample one hourly timestamp within the reported interval. All reported or sampled
timestamps are standardized to UTC before ERA5 retrieval.

Spatial alignment. The processed records contain either a spatial bounding-box extent or a sin-
gle center location. NOAA, EM-DAT, PIKART, AusDE, MexDE, CanDE, IndDE, FraDE, and
climatology-based normal-weather records provide bounding-box extents, whereas IBTrACS and
COOLR provide only a center latitude–longitude coordinate. For IBTrACS and COOLR, we con-
struct a 14◦×14◦ region centered on the reported coordinate. For records with an existing bounding
box smaller than 14◦ × 14◦, we preserve its center and symmetrically expand each dimension to
a minimum extent of 14◦ whenever possible. Near the northern or southern geographic boundary,
where symmetric expansion would extend beyond 90◦ or −90◦ latitude, we shift the excess latitu-
dinal extent in the opposite direction. For records whose extent exceeds 14◦ in either dimension,
we use the larger of the latitudinal and longitudinal extents and symmetrically expand the shorter
dimension to construct a square region containing the original bounding box.

Standardization. We retrieve ERA5 patches based on the selected timestamp and spatial extent. We
then standardize each extracted patch to 56×56 grid cells using linear interpolation for all variables
except mean wave direction, for which we use nearest-neighbor interpolation. We further normalize
each variable using its mean and standard deviation computed across samples.
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Table 12: Representative caption audit failures and their corresponding failure categories.

Style Generated Caption Audit Comment

Impact
Focused

A rip current resulted in a drowning in Coastal
Horry, South Carolina, on 13 June 2022.

Weather/climate focus: drowning is a
human-impact outcome rather than a weather-,
climate-, or environmental effect.

Impact
Focused

A weak IVT event carried moisture at a mean
magnitude of 249.224 kg/(m·s).

Event/phenomenon accuracy: a weak IVT event
does not necessarily correspond to an
atmospheric river and changes the identity of the
reported phenomenon.

Impact
Focused

Hazardous snow and ice accumulations from
Storm Bettina led to transport accidents in
German locations like Schwabisch Hall and
Denzeheide.

Weather/climate focus: transport accidents are
incidental human impacts and should not be the
focus of the caption.

Impact
Focused

The winter storm produced extreme snow drifts
in Prince Edward County, alongside significant
snow accumulation and drifting along the north
shore of Lake Ontario.

Unsupported modifier: “extreme” is not
supported by the input metadata.

Physical
Framing

Significant precipitation and lake effect snow
spread across Eastern Canada, with intense
snow drifting extending along the north shore of
Lake Ontario through to Kingston.

Location/modifier: the lake-effect snow is
described more specifically along Lake Ontario
through Kingston, thus overgeneralizing its
spatial extent; Unsupported modifier: “intense”
is unsupported.

Table 13: ERA5 variables used to construct the meteorological inputs. The 28 single-level variables
are combined with 7 pressure-level variables at 5 pressure levels, yielding 63 variables in total.

Variable Group Variables

Single-level atmospheric
and land

2m temperature; 2m dewpoint temperature; 10m u-component of wind; 10m v-
component of wind; instantaneous 10m wind gust; mean sea-level pressure; total
precipitation; convective precipitation; snowfall; snow depth; snowmelt; runoff;
volumetric soil water layer 1; volumetric soil water layer 2; volumetric soil water
layer 3; volumetric soil water layer 4; convective available potential energy; con-
vective inhibition; boundary layer height; cloud base height; total cloud cover;
zero-degree level; total column water vapour; vertical integral of eastward water
vapour flux; vertical integral of northward water vapour flux

Single-level wave Significant height of combined wind waves and swell; mean wave direction; peak
wave period

Pressure-level Geopotential; temperature; u-component of wind; v-component of wind; specific
humidity; vertical velocity; vorticity, each at 925, 850, 700, 500, and 300 hPa

E ADDITIONAL DATASET STATISTICS AND DISTRIBUTIONS

Regional distribution. Figure 11 shows the geographic distribution of EarthAlign across 19 re-
gions. As illustrated, EarthAlign spans a broad range of geographic regions with North America
being the most represented, largely reflecting the NOAA Storm Events Database which contributes
286,292 records from the United States. The remaining global and country-specific sources pro-
vide additional coverage across other regions, resulting in broad geographic coverage with a notable
concentration in North America.

Weather condition class distribution. Figure 12 shows the class distribution for the weather-
condition classification task across the training and test sets. The two splits exhibit broadly similar
distributions across most classes, with drought showing the largest relative difference. The resulting
class imbalance reflects the underlying distribution of records across the constituent record sources.
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Figure 11: Regional distribution of EarthAlign records. Records spanning multiple regions con-
tribute to more than one regional count.
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Figure 12: Class distribution for the weather condition classification task in the training and test sets.

F ADDITIONAL ANALYSIS

F.1 WEATHER CONDITION CLASSIFICATION ANALYSIS

Table 14 provides category-wise classification results, with the corresponding confusion matrices
shown in Figure 13. Under text-prototype inference, Meteo-CLIP and Meteo-SigLIP generally
improve category-level performance over their respective CLIP and SigLIP baselines. The im-
provements are particularly notable for atmospheric river, convective storm, high wind, and win-
ter weather. Under linear probing, performance increases substantially across almost all categories,
with Meteo-CLIP and Meteo-SigLIP achieving macro F1 scores of 79.98 and 80.75 respectively.
The consistently stronger linear-probing results indicate that the frozen meteorology representations
encode substantial category-level information.

Across weather conditions, drought, heat wave, and cold wave remain the most challenging cate-
gories. Even under linear probing, their F1 scores are substantially below those of atmospheric river,
cyclone, and convective storm, which exceed 94 F1. The lower performance of drought, heat wave,
and cold wave cannot be solely attributed to limited test data, as frost achieves above 82 F1 with
both MeteoLIP variants despite having only 422 test samples, fewer than drought, heat wave, and
cold wave. The confusion matrices further show that these challenging categories are frequently
confused with other meteorological conditions, including normal weather.

The lower performance on drought, heat wave, and cold wave potentially reflects their inherently
temporal characteristics. For instance, the Copernicus Warm and Cold Spell indicators define such

29



Preprint

Table 14: Per-category classification performance under text-prototype inference and linear probing
across 11 weather conditions. We report class-wise F1 scores and macro F1, with the number of test
samples shown in parentheses. Bold indicates the best result and underline indicates the second-best.

Category CLIP Meteo-CLIP SigLIP Meteo-SigLIP
Te

xt
-P

ro
to

ty
pe

In
fe

re
nc

e

Normal weather (n=7,811) 42.59± 4.77 50.84± 2.65 34.07± 7.09 56.29± 5.64
Drought (n=2,299) 18.66± 1.33 23.42± 4.14 14.20± 2.15 25.36± 3.51
Heat wave (n=684) 16.81± 3.61 28.14± 3.79 15.45± 6.20 43.04± 8.05
Cold wave (n=466) 25.49± 5.61 17.98± 0.71 14.83± 0.81 24.77± 1.52
Frost (n=422) 12.46± 1.73 33.32± 6.93 17.74± 7.77 48.48± 15.29
Atmospheric river (n=4,643) 31.37± 10.18 72.37± 4.42 12.70± 1.29 69.19± 4.15
Cyclone (n=10,262) 54.07± 7.14 61.67± 5.80 27.12± 4.06 42.07± 8.38
Convective storm (n=16,092) 25.20± 4.59 65.39± 0.30 12.11± 8.89 57.70± 15.64
High wind (n=1,864) 30.31± 1.76 59.29± 4.24 29.29± 6.24 66.00± 6.36
Fog (n=330) 8.55± 2.22 33.77± 7.33 6.92± 2.27 35.31± 10.16
Winter weather (n=3,772) 65.89± 3.33 80.70± 3.24 52.59± 7.47 84.09± 1.83
Macro F1 ↑ 30.13± 2.83 47.90± 2.09 21.55± 1.48 50.21± 2.95

L
in

ea
r

Pr
ob

in
g

Normal weather (n=7,811) 90.37± 0.13 91.74± 0.13 90.69± 0.12 93.00± 0.04
Drought (n=2,299) 48.80± 0.46 52.54± 0.89 51.41± 1.17 56.70± 0.61
Heat wave (n=684) 47.30± 1.35 61.94± 1.15 52.84± 1.49 62.41± 0.86
Cold wave (n=466) 48.43± 0.79 49.49± 0.95 48.98± 1.93 54.59± 1.23
Frost (n=422) 75.38± 1.69 83.14± 0.54 75.40± 2.56 82.12± 0.96
Atmospheric river (n=4,643) 96.46± 0.18 97.92± 0.10 96.86± 0.14 97.73± 0.12
Cyclone (n=10,262) 98.11± 0.06 98.31± 0.04 98.24± 0.04 98.24± 0.02
Convective storm (n=16,092) 94.07± 0.09 95.08± 0.16 94.25± 0.03 95.03± 0.04
High wind (n=1,864) 74.86± 0.55 80.84± 0.74 78.00± 0.22 80.03± 0.22
Fog (n=330) 62.75± 0.96 76.81± 1.63 62.36± 0.55 76.70± 0.55
Winter weather (n=3,772) 88.95± 0.24 91.98± 0.08 90.31± 0.15 91.73± 0.22
Macro F1 ↑ 75.04± 0.20 79.98± 0.26 76.30± 0.54 80.75± 0.14

events from sequences of at least three hot or cold days based on daily minimum and maximum
temperature anomalies4. Similarly, meteorological drought indicators such as the Standardized Pre-
cipitation Index (SPI) characterize precipitation deficits over accumulated time scales ranging from
months to years5. In contrast, MeteoLIP currently takes a single meteorological snapshot as input,
thereby limiting its ability to capture the temporal persistence and accumulated anomalies underly-
ing these conditions. These findings motivate future extensions of MeteoLIP to incorporate multiple
timestamps or temporal sequences, which can help analyze meteorological conditions over time.

F.2 PHYSICAL BASELINES FOR CYCLONE INTENSITY ESTIMATION

Since mean sea-level pressure and 10-m wind are included in the ERA5 input, we additionally
compare MeteoLIP with physical baselines derived directly from these variables. For minimum
central pressure, the direct ERA5 baseline takes the minimum mean sea-level pressure within each
input patch, while for maximum sustained wind speed, it takes the maximum 10-m wind speed. We
also fit a linear regression from each ERA5-derived quantity to its corresponding IBTrACS target
using the training set. As shown in Table 15, the direct ERA5 baselines achieve R2 values of 51.96
for minimum central pressure and 10.78 for maximum sustained wind speed, which increase to 63.78
and 48.02 with linear regression. In comparison, linear probing of Meteo-CLIP achieves R2 values
of 76.36 and 71.34, while Meteo-SigLIP achieves 77.36 and 71.85, respectively. These results
show that linear probing of the learned meteorological representations achieves better predictive
performance than directly extracting or linearly calibrating the corresponding ERA5 variables.

4EDO INDICATOR FACTSHEET - Warm Spell and Cold Spell Duration and Intensity Indicators
5EDO AND GDO INDICATOR FACTSHEET - Standardized Precipitation Index (SPI)
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Table 15: Physical baselines for cyclone intensity estimation. Bold and underlined values indicate
the best and second-best results, respectively.

Variable Method R2 ↑ MAE↓ RMSE↓

Wind

Direct ERA5 10.78 14.50 20.83
ERA5 Linear Regression 48.02 12.27 15.90
Meteo-CLIP 71.34 8.65 11.80
Meteo-SigLIP 71.85 8.50 11.70

Pressure

Direct ERA5 51.96 7.61 13.44
ERA5 Linear Regression 63.78 8.43 11.67
Meteo-CLIP 76.36 6.41 9.43
Meteo-SigLIP 77.36 6.16 9.23

Table 16: Effect of initialization on downstream fine-tuning using the same Meteo-SigLIP architec-
ture. Bold and underline indicate the best and second-best results, respectively.

Classification Sustained Wind Central Pressure

Initialization F1 ↑ Top-1 Acc. ↑ R2 ↑ MAE ↓ R2 ↑ MAE ↓

Scratch 77.02 ± 0.76 91.56 ± 0.16 72.55 ± 1.04 8.23 ± 0.18 78.89 ± 0.74 5.65 ± 0.13
WebLI 78.38 ± 0.64 91.88 ± 0.20 74.31 ± 0.28 7.89 ± 0.08 80.65 ± 0.37 5.36 ± 0.05
MeteoLIP 81.31 ± 0.47 92.97 ± 0.15 76.15 ± 0.35 7.56 ± 0.06 81.24 ± 0.38 5.24 ± 0.03

F.3 DOWNSTREAM FINE-TUNING

Using the same Meteo-SigLIP architecture, we fine-tune models initialized from scratch, the SigLIP
WebLI checkpoint, and our Meteo-SigLIP pretrained checkpoint on the classification and physical
variable estimation tasks. As shown in Table 16, MeteoLIP initialization achieves the best perfor-
mance, achieving 81.31 F1 and 92.97 Top-1 accuracy for classification, R2 of 76.15 with 7.56 MAE
for maximum sustained wind speed, and R2 of 81.24 with 5.24 MAE for minimum central pressure.
These results indicate that meteorology-language pretraining provides a stronger initialization for
task-specific fine-tuning, further demonstrating the transferability of the learned multimodal repre-
sentations.

F.4 DOWNSTREAM TRANSFER TO WEATHERQA

We further evaluate the transferability of Meteo-CLIP representations on WeatherQA (Ma et al.,
2024), a severe-weather reasoning benchmark over the CONUS, using 7,304 training samples and
600 test samples. WeatherQA comprises a multiple-choice question answering task for the affected
geographic region (Area Affected) and a classification task for the primary weather concern (Con-
cerning).

For each WeatherQA sample, we extract spatial patch representations from the frozen Meteo-CLIP
meteorology encoder, map them to the hidden space of Qwen3-VL-4B-Instruct (Bai et al., 2025)
using a learnable projection layer, and adapt the language model using LoRA (Hu et al., 2022) with
rank 16 and α = 32. We train for five epochs with AdamW using a batch size of 16, learning rates
of 5×10−5 and 2×10−4 for LoRA and the projection layer, respectively, and a cosine learning-rate
schedule.

Meteo-CLIP achieves 49.22 ± 4.45% accuracy on Area Affected, which requires selecting the af-
fected region from four candidate options, and 51.73± 2.41% conditional accuracy on Concerning,
an 11-category weather-concern classification task evaluated when the affected area is correctly
predicted. These results show that the frozen Meteo-CLIP representations encode spatial and mete-
orological information that can be effectively transferred to downstream severe-weather reasoning,
further demonstrating the usefulness of the learned meteorological representations beyond the Earth-
Align evaluation tasks.
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WeatherQA Qualitative Example

System Prompt:
You are an AI assistant with expertise in severe weather analysis and forecasting. You are provided with
a meteorological representation describing atmospheric and surface conditions across the contiguous
United States. Your responsibility is to assess potential severe weather conditions, affected areas, and
weather concerns.

User Prompt:
<Parameters>
The provided meteorological representation describes atmospheric and surface conditions across the
contiguous United States at 11 / 12, 16UTC.
The meteorological representation is derived from a 63-variable ERA5 snapshot.
Pressure-level variables at 300, 500, 700, 850, and 925 hPa:
geopotential, temperature, zonal wind, meridional wind, specific humidity, vertical velocity, and rela-
tive vorticity.
Surface and single-level variables:
volumetric soil water content in layers 1–4; vertically integrated eastward and northward water-vapour
flux; significant wave height; peak wave period; mean wave direction; snowmelt; convective precipita-
tion; snowfall; runoff; total precipitation; convective inhibition; cloud-base height; zero-degree level;
instantaneous 10-m wind gust; convective available potential energy; total column water vapour; snow
depth; mean sea-level pressure; boundary-layer height; total cloud cover; 10-m zonal and meridional
wind; 2-m temperature; and 2-m dewpoint temperature.
<meteorological representation>
</Parameters>

<Thought process>
Use the provided meteorological representation to answer the following multiple-choice and classifi-
cation questions:
1. Analyze the spatial and meteorological conditions represented in <Parameters> and identify

regions showing signals associated with severe or hazardous weather.
2. Combine the relevant meteorological information to assess the location and severity of the weather

conditions.
3. Map the conclusions to the provided options. Only give the correct option characters, without any

other details or explanations. Use JSON format with the keys ’Area Affected’ for the first
answer and ’Concerning’ for the second answer.

</Thought process>

<Item number="1">
Question: Choose one geographical area(s) most likely to be impacted by the severe weather event
from the four options provided.

A southern/eastern North Carolina and northeastern South Carolina
B Central Kansas and Oklahoma
C portions of northeast Iowa into far southwest Wisconsin
D Far southeast Nebraska...northeast Kansas...extreme northwest Missouri
Answer: <answer>Option</answer>
</Item>

<Item number="2">
Question: Choose the most likely scenario regarding severe weather concerns from the options pro-
vided. Options include whether a convective watch has benn issued, the probability of a future watch,
or, in winter, potential weather phenomena related to winter storms.

A Severe potential...Watch unlikely (confidence level on the expectation of a watch is 5 or 20%)
B Severe potential...Watch possible (confidence level on the expectation of a watch is 40 or 60%)
C Severe potential...Watch likely (confidence level on the expectation of a watch is 80 or 95%)
D Heavy snow
E Severe potential...tornado watch likely (confidence level on the expectation of a watch is 80 or 95%)
F Severe potential...severe thunderstorm watch likely (confidence level on the expectation of a watch

is 80 or 95%)
G Winter mixed precipitation
H Freezing rain
I Severe potential...watch needed soon (confidence level on the expectation of a watch is 95%)
J Blizzard

K Snow squall
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Answer: <answer>Option</answer>
</Item>

Model Output:
{"Area Affected": "A", "Concerning": "A"}

F.5 TRAINING DYNAMICS

Figure 14a shows the training dynamics of Meteo-CLIP. As training progresses, the CLIP test loss
decreases and gradually converges, while retrieval performance generally improves. We observe a
similar trend for physical variable estimation, where the R2 values increase substantially after the
early training epochs and then remain relatively stable. In contrast, the classification F1 exhibits
larger fluctuations and does not show a similarly consistent increasing trend.

To further examine whether these fluctuations reflect the quality of the learned meteorological
representations, we perform linear probing on the frozen meteorology encoder checkpoints from
epochs 6, 12, 18, 24, and 30. As shown in Figure 14b, both F1 and Top-1 accuracy generally im-
prove with training, while Top-3 accuracy remains stable at approximately 98.8%. This indicates
that although classification performance under text-prototype inference in the learned meteorology-
language space can fluctuate across epochs, the frozen meteorology representations continue to be-
come more discriminative for category-level prediction. The nearly saturated Top-3 accuracy further
suggests that later training primarily improves the ranking of the correct class among the top candi-
date categories, which is better reflected by F1 and Top-1 accuracy.

F.6 POSITIONAL ENCODING IN THE METEOROLOGICAL ENCODER

We investigate two positional encoding approaches for the
meteorological encoder, i.e. learnable positional embed-
dings (LPE) and 2D rotary positional embeddings (RoPE)
(Heo et al., 2024). For 2D RoPE, we adopt the RoPE-
Mixed variant, which has been shown to outperform the
axial formulation in vision transformers (Heo et al., 2024).
Table 17 compares LPE, 2D RoPE, and their combination
under both OpenAI pre-trained and scratch initialization.
LPE achieves the best retrieval performance across both
settings, with a larger performance gap when training from
scratch. In addition, combining LPE with 2D RoPE does
not provide additional gains.

Table 17: Ablation on positional em-
bedding under pre-trained and scratch
initialization.

Init. Pos. Encoding M2T R@1 ↑ T2M R@1 ↑

OpenAI
LPE 58.79± 1.43 60.10± 0.23
2D RoPE 54.93± 1.81 56.29± 1.20
LPE + 2D RoPE 53.40± 3.19 56.87± 0.19

Scratch
LPE 34.46± 1.78 41.43± 2.21
2D RoPE 27.74± 0.69 36.03± 0.90
LPE + 2D RoPE 25.61± 5.37 35.23± 2.18

F.7 MODEL CAPACITY

Figure 15 studies the effect of scaling the encoder from ViT-B to ViT-L. For pretrained Meteo-
CLIP, ViT-L achieves a lower training loss than ViT-B (0.0490 vs. 0.0802), but a higher test loss
(0.73 vs. 0.65) and lower M2T/T2M R@1 (54.24/57.21 vs. 58.79/60.10). We observe a similar
trend for Meteo-SigLIP, where scaling to ViT-L reduces the training loss from 0.2395 to 0.1864,
while increasing the test loss from 0.56 to 0.61 and reducing M2T/T2M R@1 from 66.07/66.79
to 63.28/61.66. In comparison, scaling the pretrained CLIP baseline from ViT-B to ViT-L slightly
improves both retrieval performance and test loss. When Meteo-CLIP is trained from scratch, ViT-L
achieves a lower test loss than ViT-B (0.90 vs. 0.95) and improves M2T/T2M R@1 from 34.46/41.43
to 36.68/41.86. This suggests that although increased capacity can benefit Meteo-CLIP and pre-
trained visual representations provide a useful initialization (Section 5.3), scaling larger pretrained
vision-language encoders may require greater adaptation and additional meteorology-language su-
pervision due to the substantial modality gap between RGB images and multivariate meteorological
data. These results position EarthAlign as a challenging setting, where simply fine-tuning a larger
model does not guarantee better performance.
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G LIMITATIONS AND FUTURE DIRECTIONS

Although EarthAlign curates natural event and disaster records from established expert-curated
databases and published datasets, their underlying reporting and coverage patterns inevitably shape
the geographic, temporal, and event-distribution biases of the dataset. In particular, the United
States, Indonesia, and France contain more records than many other countries due to the exten-
sive country-level coverage provided by the NOAA Storm Events Database, IndDE, and FraDE,
respectively (Table 9). In addition, MeteoLIP currently represents each sample using a single me-
teorological snapshot. Future work can extend this setting to multiple timestamps and temporally
aggregated inputs, as well as broader Earth-system data products such as operational forecasts and
other reanalysis datasets. Incorporating regional or downscaled products with higher spatial resolu-
tion may further improve the representation of localized phenomena and enable more comprehensive
alignment across temporal scales, spatial resolutions, and Earth-system data sources.
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Normal Weather

Drought

Heat Wave

Cold Wave

Frost

Atmospheric River

Cyclone

Convective Storm

High Wind

Fog

Winter Weather

2,365 1,914 347 330 971 91 79 24 23 1,502 167

220 901 321 23 189 16 55 69 89 281 135

12 21 595 0 2 1 10 5 6 29 2

3 25 0 198 140 0 3 1 35 20 42

7 102 0 7 195 0 7 1 15 83 5

48 1,149 415 148 286 1,016 308 360 470 79 365

169 679 496 143 409 371 4,387 2,470 331 531 276

402 2,250 4,390 40 50 202 886 2,796 2,866 1,644 566

2 104 32 44 138 4 159 168 1,049 29 134

9 38 4 3 41 0 4 1 3 203 25

8 185 0 168 305 4 112 74 171 56 2,689

Text-Prototype Inference
Normal Weather

Drought

Heat Wave

Cold Wave

Frost

Atmospheric River

Cyclone

Convective Storm

High Wind

Fog

Winter Weather

7,406 93 10 12 13 44 36 105 5 10 76

612 852 64 5 12 27 29 496 52 23 127

30 31 262 0 0 3 9 350 0 0 0

149 14 0 167 11 8 8 2 8 4 93

44 25 0 16 291 1 5 4 11 9 16

67 7 4 1 0 4,462 48 36 9 0 9

77 12 1 2 1 20 10,070 46 16 0 17

84 89 81 0 1 26 41 15,583 108 9 70

7 23 1 6 4 4 18 343 1,299 5 154

27 31 0 0 9 0 0 40 3 189 30

77 16 0 13 6 14 2 32 95 21 3,496

Linear Probing

Normal Weather

Drought

Heat Wave

Cold Wave

Frost

Atmospheric River

Cyclone

Convective Storm

High Wind

Fog

Winter Weather

3,323 1,525 214 1,392 351 21 301 334 14 83 253

303 846 161 157 249 13 67 187 69 138 109

43 87 377 3 1 0 26 103 9 35 0

27 9 0 282 37 2 2 5 7 4 92

7 7 0 31 355 0 7 1 4 3 7

14 73 17 103 0 4,078 92 116 50 3 96

191 878 33 211 161 2,236 5,187 969 152 113 130

1,279 1,411 1,075 194 452 313 766 8,707 1,222 549 124

4 42 11 21 40 1 49 105 1,471 18 100

6 4 0 4 37 0 0 1 3 256 19

12 21 0 278 93 1 8 15 117 44 3,182

Normal Weather

Drought

Heat Wave

Cold Wave

Frost

Atmospheric River

Cyclone

Convective Storm

High Wind

Fog

Winter Weather

7,564 77 3 19 4 13 22 76 3 5 25

589 916 73 27 17 10 15 469 43 33 108

31 25 378 0 0 0 9 239 2 1 0

159 8 0 189 17 3 9 2 4 2 73

23 12 0 20 338 0 6 2 2 6 12

49 8 1 2 0 4,514 34 21 6 0 8

88 13 2 7 0 18 10,067 39 21 0 7

80 70 75 0 4 11 31 15,593 165 16 46

4 26 4 5 1 0 22 228 1,476 3 94

13 16 0 3 6 0 0 19 3 255 14

78 16 0 27 4 6 3 21 63 14 3,541

Normal Weather

Drought

Heat Wave

Cold Wave

Frost

Atmospheric River

Cyclone

Convective Storm

High Wind

Fog

Winter Weather

2,294 2,945 605 471 848 2 39 20 97 273 215

346 1,144 266 47 178 1 24 35 104 94 59

49 88 489 5 15 0 3 5 25 2 2

14 74 9 184 100 0 4 1 36 6 38

9 143 12 44 194 0 1 0 9 6 5

184 1,339 331 267 58 318 202 608 814 345 177

737 2,591 1,314 225 151 22 1,732 497 2,216 692 86

1,651 4,468 3,812 253 99 22 315 1,178 3,103 747 443

13 236 87 18 11 0 52 22 1,397 9 18

33 109 13 5 71 0 5 2 1 85 7

53 680 25 511 181 0 65 26 328 157 1,746

Normal Weather

Drought

Heat Wave

Cold Wave

Frost

Atmospheric River

Cyclone

Convective Storm

High Wind

Fog

Winter Weather

7,456 88 11 11 9 37 24 109 5 9 51

598 931 63 8 13 24 21 452 43 28 118
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Figure 13: Confusion matrices under text-prototype inference and linear probing. Cell values report
mean counts, while color intensity is normalized by true category to account for class imbalance.
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Figure 14: Training dynamics of Meteo-CLIP. (a) CLIP test loss and retrieval, classification, and
physical variable estimation performance across epochs. (b) Linear-probing classification perfor-
mance using frozen meteorology encoder checkpoints at epochs 6, 12, 18, 24, and 30.
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Figure 15: We compare ViT-B and ViT-L encoder variants using pretrained initialization, and ad-
ditionally compare Meteo-CLIP models trained from scratch. We report M2T and T2M R@1
along with training and test loss to examine how model capacity interacts with initialization and
meteorological-language inputs. The reported values are averaged over three training runs.
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