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Bridging theweather and climate dividewith
artificial intelligence
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Kevin Debeire 5,6, Miguel-Ángel Fernández-Torres 7, Philipp Hess8,9,
Helge Heuer 5, Nathan Mankovich 1, David Montero 10,
Esther Rodrigo-Bonet 1, Federico Serva 11, Vasileios Sitokonstantinou 12,
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Christian Reimers 14, Nikolaos Ioannis Bountos 15,16, Ioannis Papoutsis 15,16,17,
Pierre Gentine 18 & Veronika Eyring 5,19

Weather and climate shape every aspect of our lives, yet for decades they have
been studied as separate worlds—one concerned with what happens tomor-
row, the other with what awaits us over the coming decades. This long-
standingdivide has slowedprogress in bothfields. Here,we argue that artificial
intelligence (AI) is helping to dissolve the boundary between them. By learning
directly from vast streams of Earth observations, AI is starting to predict both
tomorrow’s storm and next century’s climate within a single, unified frame-
work. We show how this convergence is already underway, why weather and
climate science havemuch to gain from each other, andwhat still stands in the
way—from trust, transparency, and fairness to the energy cost of computation
and the risk of widening global inequalities. Realizing this vision will demand
not only better algorithms but a new culture of collaboration across scientific
communities, operational centers, fields and disciplines. Done well, a unified,
AI-driven Earth science could deliver faster,more reliable, andmore actionable
predictions—helping societies anticipate and adapt to a rapidly warming
planet.

Weather and climate science describe the same Earth system on dif-
ferent horizons—one predicting conditions hours to days ahead, the
other projecting changes over decades to centuries—and have long
evolved as separate scientific communities, with distinct models, data,

and goals. Over the past decade, artificial intelligence (AI) has rapidly
advanced in weather and climate science. Deep learning (DL) archi-
tectures—such as graph neural networks, transformers, and diffusion
models—have improved forecasting accuracy, efficiency, and
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accessibility1–3. They have also enhanced climate model para-
meterization, downscaling, and emulation4,5, effectively addressing the
multi-scale, heterogeneous, and nonlinear nature of Earth’s systems6–8.

Weather and climate systems are inherently multi-scale, non-
linear, and chaotic9, making them difficult to model and predict.
Although closely related, the fields operate under different hypoth-
eses, temporal scales, and dynamics, which lead to divergent chal-
lenges,methodologies, and solution strategies. Inweather forecasting,
for example, AI models often rely on reanalysis data yet struggle to
capture extreme events or maintain physical balance8,10. In climate
science, the challenge is deeper: weather providesmany realizations of
short events, whereas climate offers only one observed realization of a
long-term trajectory. This limits uncertainty quantification and gen-
eralization, especially under climate change11.

Despite these difficulties, AI-enabled progress has been a per-
spective. Recent breakthroughs—FourCastNet12, GraphCast13,
NeuralGCM3, and AIFS14—show that AI trained solely on reanalysis data
(e.g., ERA515) can rival physics-basedmodels in short-term atmospheric
forecasting. Suchmodels are already deployed or tested operationally,
including Pangu-Weather16, Google’s Weather Lab, ECMWF’s AIFS14,
DWD’s AICON17, NOAA’s AIGFS18, and Met Norway’s Bris19—a rapid
transition from research to real-time forecasting. Climate modeling
remains harder, requiring AI to capture responses to long-term, time-
dependent forcings such as greenhouse gases and aerosols whose
future evolution is uncertain. Emerging applications in climate
emulation20,21, process-based learning22,23, and bias correction24–26 are
beginning to address these, while probabilistic and generative meth-
ods efficiently produce synthetic weather and climate states that bet-
ter capture extremes and changing-climate scenarios3,27,28.

Despite the traditional weather-climate schism29, we observe a
convergence in the use of AI tools for weather and climate appli-
cations (Fig. 1). This shift is driven by AI: the fraction of research
jointly addressing weather and climate exceeds the level expected
under independence, with a statistically robust catalysis effect over
the last decade. Tracking domain-specific terminology while
excluding generic AI keywords, the keyword panels show this
synergy rests on shared methodological foundations—emulation,
downscaling, and forecasting—that increasingly interlink the two
disciplines. Consolidated development approaches, such as the
seamless daily-to-seasonal frameworks pioneered by the Met Office
and ECMWF29,30, demonstrate that integrating both fields accelerates
innovation and improves forecasting skill31. Still, building on these
examples, a collaborative, high-resolution, cross-disciplinary fra-
mework powered by AI can drive a truly unified Earth system science
represented by a seamless prediction system32,33. Such an integration
is already happening in subseasonal-to-seasonal (S2S)
forecasting34,35, supported by recent work demonstrating con-
vergence across timescales36,37.

To achieve a unified framework, progressmust be evaluated using
measurable milestones and multicriteria performance metrics that
encompass not only accuracy but also physical consistency, causality,
and stability. We highlight three concrete success stories of unifying
approaches: a temporal bridge (S2S as the natural middle between
both fields), a causal bridge (analyzing extreme weather in different
counterfactual climates), and a structural bridge (joint techniques and
hybrid process-levelmodelingwhere components are interchangeably
used for both tasks).

This paper highlights the key distinctions between weather and
climate modeling and shows how current and emerging AI methods
could close this gap (Table 1), enabling the seamless integration long
sought by the community. We also address social and environmental
challenges—the effect of ML on greenhouse-gas emissions38, trust and
accountability39, and explainability40—and propose a forward-looking
agenda in which AI is the central catalyst formethodological advances
and community convergence.

Distinct challenges in weather and climate
The idea of climate prediction emerged from weather forecasting.
Early efforts extended atmosphericmodel runs and included only very
crude representations of other parts of the climate system41–43. Over
time, the distinction between the two became clear: weather fore-
casting and climate prediction (and/or projection) are fundamentally
different tasks. They pose distinct challenges in scale, dynamics, and
objectives—a divide that persists even when both adopt a common
framework such as AI. Table 2 summarizes the key challenges of AI in
weather and climate modeling with respect to data, models, and
assumptions, as well as the ethical and social challenges arising from
the pursuit of a seamless integration.

Forecast, prediction, and projection
The terms forecast, prediction, and projection are often used inter-
changeably, but they have distinct meanings that are central to the
weather-climate distinction. Weather forecasts (we use “forecast” and
“prediction” interchangeably for weather) give probabilistic estimates
fromminutes toweeks, occasionallymonths, grounded inwell-defined
probability distributions calibrated against historical data44: ideally, an
80% chance of rain means rain occurred in 80% of past cases with
similar conditions45, though achieving such calibration remains an
active research area. This probabilistic framing partly explains the
strong performance of AI weather models. Climate prediction and
projection differ conceptually. Climate prediction occupies a grey
zone between initialized near-term forecasts (interannual to decadal)
and long-term estimates; the latter aremore rigorously termed climate
projections—conditional statements about future climate built from
ensembles of simulations conditioned on hypothetical scenarios,
typically future greenhouse-gas concentrations. Their probabilities are
therefore scenario-relative rather than grounded in the verification-
based calibration expected of weather forecasts.

The distinction can also be framed by timescale and anthro-
pogenic forcing. Climate prediction spans seasonal-to-decadal hor-
izons, where initial conditions still matter and scenario effects are
present but small—motivating data assimilation to initialize predic-
tions (e.g., NorCPM)46.

Climate projections, by contrast, address change over decades to
centuries, driven primarily by assumed future radiative forcing
(greenhouse gases, aerosols, land use). Initial-condition information is
largely lost at these timescales, so projections instead explore plau-
sible futures via separate ensembles per emission scenario—four in
CMIP5 (theRepresentativeConcentrationPathways, RCPs) andeight in
CMIP6 (the Shared Socioeconomic Pathways, SSPs)—rather than a
single initial-condition ensemble47. These nuanced differences create
distinct challenges across data, modeling, assumptions, and opera-
tions—challenges AI can address in a unified way.

Data challenges
A shared challenge is not the absence of observations per se, but the
uneven availability of independent, long-term, in situ measurements.
While station data remain sparse and geographically biased, particu-
larly over oceans and the Southern Hemisphere, satellite observations
now dominate global numerical weather prediction skill and have
largely mitigated these gaps; their assimilation raised Southern
Hemisphere forecast skill to Northern Hemisphere levels48, and they
remain increasingly central to modern forecasting systems (see, e.g.,
ECMWF reports on AI-DOP forecasts). Beyond weather prediction,
improved exploitation of satellite data also holds promise for regional
and seasonal-to-decadal climate prediction, where initial conditions
retain predictive power49,50. Observations play a dual role: as inputs to
the data assimilation systems that produce reanalyses, and as inde-
pendent references for evaluating them—both functions being critical,
since reanalyses form the backbone of many data-driven models yet
can inherit systematic biases from models and assimilation systems.

Perspective https://doi.org/10.1038/s41467-026-75787-y

Nature Communications | (2026) 17:8578 2

www.nature.com/naturecommunications


While weather relies largely on atmospheric and oceanic
observations—though land-surface variables such as soil moisture,
surface temperature, and vegetation also matter, particularly at
subseasonal-to-decadal timescales—climate science is more
demanding, requiring data from across Earth’s interconnected
spheres. The challenge is compounded because most measure-
ments integrate processes acting over multiple timescales: obser-
vations mix immediate plant responses to warming with longer-
term shifts in species composition. Separating these influences is
crucial for reliable generalization, yet creates trade-offs, for
instance between intra- vs. interannual change and temporal vs.
spatial variability51.

Another related challenge for climate is the uneven availability of
observations across scales. For example, while plant-level responses to
elevated CO2 are well understood and supported by abundant data,
our understanding of how entire forests respond remains limited due
to complex interspecies interactions. This gap makes it challenging to
translate rich microscale knowledge into improved AI performance at
the macroscale level.

Simulating rare extreme events, a primary goal in both weather
and climate, remains difficult due to limited data52,53, despite their
outsized impacts and strong feedbacks. In climate prediction, and
even more in climate projections, this challenge is amplified by a non-
stationary climate. Similarly, other high-frequency, small-scale

Fig. 1 | Artificial intelligence (AI) as a catalyst for convergence betweenweather
and climate sciences (1975–2025). a–c Exponential growth of publications related
to AI in weather and climate, with the excess bridge share isolating the catalysis
effect of AI (showing overlap beyond what is expected under independence). The
full 1975–2025 horizon establishes a historical baseline of low weather-climate
overlap; early bins (pre-2010, grey shading) denote periods of low publication
volume and high uncertainty, while the statistically supported catalysis effect is
concentrated in the post-2012 period (non-shaded). d–f Peripheral keyword

convergence and overlap. The cumulative Jaccard index (d) and the distribution of
distinct and sharedperipheral keywords (e) reveal a noticeable increase in thematic
overlapdrivenby AI adoption, particularly after the deep-learning revolution (post-
2017). Ranking the top shared peripheral keywords (f) highlights shared metho-
dological foundations such as forecasting, downscaling, and emulation. Generic AI
seed terms (e.g., machine learning, deep learning) have been excluded to ensure
the analysis reflects domain-specific thematic convergence. See Supplementary
Note 1 for methodological details.
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processes are poorly captured in most data-driven parameterizations.
For this reason, traditional numerical weather models still outperform
currentAI systems in representing record-breakingextremes54, despite
AI superiority over them in non-extreme conditions.

Modeling challenges
Both weather forecasting and climate prediction now employ coupled
Earth system models. In weather forecasting, these models are opti-
mized for high-resolution, short-term atmospheric predictability,
whereas climate prediction and projection emphasize long-term
interactions, feedbacks, and equilibrium responses of the coupled
Earth system55. Earth System Model (ESMs) are computationally
demanding56, difficult to calibrate57, and subject to structural
uncertainties58,59 and modeler biases60, especially in components like
biogeochemistry61.

Weather processes operate on shorter time frames and finer
spatial scales, where forecasting challenges (e.g., chaotic instabilities)
can generally be tackled with better observations62, assimilation63,64,
and higher-resolution ensemble forecasting65, though at a high com-
putational cost. Both weather and climate systems exhibit chaotic
behavior. However, instabilities due to deterministic chaos (i.e., the
amplification of initial condition errors) grow much faster in weather
forecasting, dominating predictability on timescales of days to weeks.
On the other hand, climate and Earth systemmodels simulate a variety
of mutually interactive long-term processes with high variability and
uncertainty in their structure/formulation (e.g., nitrogen fixation66;
ocean carbon attenuation67), with their impact being also dependent
on the time horizon under consideration (e.g., decadal, cen-
tennial, etc.)68.

Weather models emphasize short-term forecasting of atmo-
spheric variables (e.g., temperature, precipitation), whereas climate
models target long-term projections and trends of a much broader set
(e.g., ocean primary production, carbon sequestration, land cover)
under non-periodic anthropogenic GHG forcing. Climate evolution is
thus a non-autonomous, non-stationary system69—an immense yet
appealing challenge for training AI and for any unifying framework.

These differences also manifest spatially. Earth system models
typically run at coarse resolutions (0.70°–3.75°, ≈78–416 km)47,
whereas state-of-the-art global weather models already reach

≈9–10 km (e.g., IFS, ICON, UM)70, with km-scale global simulations
emerging (e.g., Destination Earth, nextGEMS). Bridging thesedisparate
temporal, spatial, and dynamical regimes remains a central obstacle to
seamless integration and a defining challenge for any unified, AI-driven
framework.

Assumptions and hypotheses challenges
Predictive modeling across weather and climate rests on different
assumptions about which set of variables matter, how they interact,
and how their influence evolves across timescales. Variables that play a
negligible role in short-term weather prediction can become critical
for seasonal forecasts and indispensable for long-term climate pro-
jections. For example, ocean salinity has limited impact on day-to-day
weather forecasts but increasingly shapes predictability at seasonal
scales-through ocean-atmosphere coupling-and is central to long-term
climate evolution69,71,72.

While weather is near-stationary on forecast timescales, the cli-
mate system is inherently non-stationary, with evolving patterns and
shifting distributions69. This requires models that can dynamically
adapt to long-term changes and emerging trends. Moreover, while
weather forecasting models are much affected by dynamical instabil-
ities, climate models are also susceptible to qualitative changes in
behavior due to changes in the forcing. These changes in behavior
include the so-called Earth tipping points73, which are also sensitive to
the structural uncertainty in those models74.

Weather forecasting, being near-stationary and observation-rich,
enables objective validation and robust probabilistic prediction28,75,76.
In contrast, climate predictions and climate projections depend on
long-term extrapolations and, particularly, the latter, on counter-
factual scenarios with no clear ground truth77. Out-of-distribution
(OOD) challenges also differ: in weather, OOD mainly means unseen
initial conditions or rare extremes within a largely stationary system
(e.g., “gray swan” events)78; in climate, it involves entirely new forcing
trajectories that shift the data distribution itself, making extrapolation
qualitatively harder. The broader literature stresses both the promise
and limits of seamless prediction in data-driven contexts: conceptual
work highlights the continuity of Earth system processes across
timescales and the potential to unify prediction systems, while noting
persistent challenges in physical consistency, skill, and tractability79.

Table 1 | Integrated framework highlighting the differences between weather and climate modeling and how artificial intel-
ligence (AI) addresses their respective challenges

Weather Climate

Consistency/model
properties

Data-driven, accuracy-focused Knowledge-driven, stability-focused

Data assimilation complexity, real-time constraints,
atmosphere GCM plus forcings.

Sparse long-term data, inconsistencies, paleoclimate reconstructions, mul-
ticomponent Earth system model, structural uncertainty.

ML-driven data assimilation improvements, gap fill-
ing, hybrid ML-NWP.

Emulation of climate models, AI-enhanced reanalysis, data fusion for
paleoclimate.

Temporal scales Minutes to weeks Years to centuries

Forecast horizon limited by chaos, model bias. Long simulations, limited training data, non-stationarity.

Hybrid ML-NWP models, GNNs for process
representation.

AI-assisted parameterization, surrogate models for faster projections.

Spatial scales Regional Global

Bias correction, ensemble validation. Regional downscaling, evaluating long-term projections.

ML-based downscaling, ML-based bias correction. ML-based downscaling, ML-based uncertainty estimation.

Prediction target Trajectory-focused evolution Distribution-focused climate statistics

Communicating short-term extreme events, public
engagement.

Uncertainty communication over decades, decision-maker engagement.

Real-time risk messaging, AI-driven impact modeling. Explainable AI for risk communication, interactive AI-driven decision tools.

Weather focuses on data-driven accuracy, regional andweekly scales, and trajectory forecasts, while climate emphasizes knowledge-driven stability, global andmulti-decadal scales, and statistical
distributions. AI methods act as a bridge, supporting data assimilation, hybrid modeling, downscaling, emulation, parameterization, and explainable risk communication across both domains.
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More critical perspectives stress fundamental limits of data-driven
approaches80, arguing that skill alone is insufficient without physical
interpretability and robustness under novel conditions81, and that
models calibrated on past data cannot be expected to generalize to
fundamentally new regimes such as future climate forcing82.

Together, these works support three points: (i) seamless predic-
tion is well-motivated by the continuity of Earth system processes
across timescales (a continuum of predictability79 and continuous
scaling regimes83); (ii) practical implementations improve consistency
and efficiency but remain constrained; and (iii) purely data-driven
approaches face fundamental limits in extrapolation and uncertainty
quantification, especially under climate-change forcing. Recent hybrid
and analog-based advances further illustrate the reliance on assump-
tions about the transferability of predictability. This motivates our
emphasis on hybrid, physically informed AI and careful evaluation
under OOD conditions4,83–85. OOD nonetheless remains a major barrier
across both timescales86,87: both domain shift and extrapolation to
unknown extremes hinder reliability, underscoring the difficulty of
learning without verifiable reference data.

Social and ethical challenges
Training large-scale AImodels requires vast computational and energy
resources, raising concerns about environmental impact, sustain-
ability, and research accessibility. While training requires substantial
computational resources, inference is relatively inexpensive: once
deployed, AI models can generate weather forecasts and climate
simulations at a fraction of the traditional computational cost. This
efficiency offers a path toward democratizing state-of-the-art model-
ing, which currently remains accessiblemainly to a few well-resourced
institutions3,88. Yet “democratization” often means access to run
existing models rather than to develop and shape them. Disparities
exceed a simple Global North–South divide: many European countries
rely on shared infrastructures (e.g., NEMO89), while emerging econo-
mies such as Brazil and India have built substantial independent cap-
abilities, and the WMO supports AI capacity building and broader
participation. Ultimately, AI may both lower and reinforce barriers-
reducing entry costs via shared infrastructures yet concentrating
power through massive compute and data requirements90. In climate
science, AI-based models face additional challenges, including struc-
tural uncertainty58,59, modeler bias60, and unverifiable projections,
which limit transparency and accountability91.

The “black-box” nature of many AI models makes results hard to
interpret, and for climate projections and decadal prediction, this
opacity can erode trust among policymakers and the public. We must
distinguish model explainability, scientific interpretability, and
decision-maker trust—the last also depending on robustness,
accountability, and clarity under uncertainty92,93. Physics-basedmodels
already face trust limits from structural uncertainty, and AI may
exacerbate them. Recent mechanistic-interpretability advances move
beyond post-hoc explainability94 to uncover internal representations
in models like AlphaEarth and GraphCast95,96, linking AI behavior to
known physical processes; bridging interpretability to actionable trust
remains an open interdisciplinary challenge.

Fairness and ethics matter too. Models trained on historical data
may reflect existing biases and data gaps, yielding uneven regional
performance that risks disproportionately affecting underrepresented
or vulnerable communities—for example, underestimating impacts in
data-sparse areas such as parts of the Global South with fewer ground
stations, therebymisallocating adaptation resources and widening the
climate information divide (and AI skill-formation gaps)97. It also car-
ries geopolitical weight, as models increasingly influence decisions on
bonds, insurance, credit ratings, and investment affecting these
countries.

Finally, it is worth noting that the booming climate analytics
industry is dominated by a few private players, raising concerns about

transparency and equitable access to climate information98,99. This has
prompted calls for open-source, publicly funded climate data plat-
forms to democratize climate knowledge and reduce reliance on
proprietary “black-box” solutions100. Embedding strong ethical fra-
meworks in AI-based climate modeling is also crucial to avoid
unchecked modeler biases and ensure trustworthy, justice-oriented
climate projections101,102.

AI potential for bridging the weather and
climate gap
We survey state-of-the-art AI methodologies applied to weather and
climate science, focusing on key components of the data pipeline and
modeling strategies8, see Table 3. This taxonomic viewhelps clarify the
potential of AI methods for weather and climate science.

Data preprocessing and postprocessing
Different data modalities require tailored processing methods and
standards, with specialized tools needed to handle simulation datasets
(e.g., ERA5) and improve input quality. Over the years, a few meth-
odologies emerged to fill these gaps. In weather, data augmentation
and generative AI can fill gaps and produce realistic synthetic weather
patterns103 (see Fig. 2).When it comes to regional climate downscaling,
techniques such as convolutional neural networks (CNNs), encoder-
decoder architectures (for example, U-Net), and diffusionmodels help
downscale input data, thereby enabling finer climate output resolu-
tion, which in turn enables better assessment of climate impacts104.
Large language models (LLMs) can serve as post-processing tools for
climate or weather model output, helping to convert numerical pre-
dictions into natural-language summaries that improve communica-
tion with non-experts.

Dimensionality reduction and dynamics
Dimensionality reduction (DR) helps to devise AI algorithms that are
more consistentwith thedata andmoreaccurate, and it canpotentially
enhance explainability and causal discovery (see Fig. 2, bottom arrows
in the illustration panel). DR is used to extract a few essential features
from high-dimensional, redundant weather and climate data. Ubiqui-
tous dimensionality-reduction methods, such as empirical orthogonal
functions (EOF)105, are used in both fields. Although EOFs capture
dominant variance, they are linear and time-independent, which can
limit their applicability to dynamical modeling.

In weather forecasting, DR is usually designed to emphasize
initial-value sensitivity. Singular vectors106 and finite-time Lyapunov
exponents107 are central because they identify the fastest-growing
perturbations, revealing flow-dependent directions of instability that
dominate short-term forecast error growth. In climate science, DR
typically relies on stochastic modeling. The goal is to capture low-
frequency variability modes, identify dynamical regimes, and build
reduced-order descriptions of the climate system108. Stochastic cli-
mate modeling frameworks109,110 gave rise to Linear Inverse Modeling
(LIM)111, which can represent phenomena such as SST variability as low-
dimensional linear systems (Fig. 2). Its nonlinear generalization,
Koopman mode decomposition112,113, extends this framework beyond
the linear regime.

Modern DR for weather and climate is done using autoencoders114

and can guide causal inference and interpretability40,115 (Fig. 2).
Recently, foundationmodels have shownpromise in capturing general
features and bridging the gap between DR for short-term weather
dynamics and long-term climate variability116.

Encoding data structure and knowledge
Domain knowledge embedded in AI is key, and several approaches and
frameworks are already showing excellent results in improving accu-
racy, physical consistency, extrapolation, and speed. A relevant
approach is to encode data characteristics into AI architectures. For

Perspective https://doi.org/10.1038/s41467-026-75787-y

Nature Communications | (2026) 17:8578 6

www.nature.com/naturecommunications


example, Graph Neural Networks (GNNs) represent geospatial data as
graphs, in which nodes, edges, andmessages capture spatial relations,
thereby these networks excel at modeling complex relational struc-
tures. A prime example is GraphCast13, which uses a multi-scale graph
mesh and attention-based message passing to predict global weather
at 0.25° resolution, outperforming operational deterministic models
onover 90%of 1380 targets13. Beyond static topologies, dynamicGNNs
adapt to evolving interactions over time and scale, while recent graph
transformers merge message passing with temporal attention to
jointly model short-term weather and longer-term climate dependen-
cies (Fig. 2).

Other AI model architectures may include intrinsic properties of
data-generating processes, such as symmetries or invariances. Equiv-
ariant architectures explicitly encode symmetry and geometric struc-
ture (e.g., rotations or spherical geometry), making them especially
well-suited to Earth system modeling, where the domain is inherently
spherical, and symmetry is present. For example, the Spherical Fourier
NeuralOperator (SFNO)uses spherical harmonic transforms to respect
rotations and the sphere’s geometry, producing more stable long-
rollout predictions in atmospheric dynamics117,118. While applications in
climate science are still emergent, these models are increasingly used
in both weather forecasting and climate modeling119.

The emerging field of hybrid ML, also referred to as physics—
aware, physics-guided, or knowledge-based AI, is widely used in Earth
system modeling7. These approaches combine ML with physical
models (e.g., data assimilation or combining outputs from bothmodel
types). They can enhance adherence to physical laws in AI systems
(e.g., conservation of mass, energy, and balance laws) and strengthen
interpretability and extrapolation capabilities7 (Fig. 2). Hybrid model-
ing plays different roles across timescales: in weather, it primarily
targets short-term forecast skill and stability, whereas in climate, it
must ensure long-term stability, avoid drift, and produce consistent
forced responses. At the same time, both domains use hybrid

approaches for tasks such as parameterization, emulation, and bias
correction, making this a key area of overlap and convergence. They
allow us to obtain robust model runs over long periods, necessary
from subseasonal forecasts to climate projections, and to build trust in
the predictions, which is crucial for decision-making3,120.

However, hybrid physics-AI approaches face significant limita-
tions, including stability issues and the risk that AI components inherit
and amplify biases from the physical models they emulate—a “bias
amplification” effect noted in recent work (e.g., NeuralGCM3). While AI
components may correct biases within the training regime, they can
behave unpredictably outside it. As a mitigation strategy, training
approaches based on data assimilation increments leverage observa-
tional constraints and can reduce the reinforcement of bias. Addi-
tionally, hybrid approaches have shown promising results when
combined with transfer learning strategies that allow models to be
efficiently adapted as the underlying physical model evolves, without
requiring full retraining (e.g., transfer-learning hybrid climate
models121,122).

ML and data assimilation are increasingly converging123–126. In
hybrid DA–ML systems, DA assimilates sparse, noisy data within ML
dynamical models, providing state estimates and uncertainty
quantification127–129, while designs such as variational autoencoders
embedded in DA workflows handle nonlinear, non-Gaussian
dynamics130,131. ML can also fully emulate the DA process132–136, with
end-to-end systems learning the full DA–forecasting cycle directly
from data137,138 (Fig. 2). Extending this to climate prediction requires
coupledDA, propagating observational influence fromall components
(atmosphere, ocean, land, cryosphere) across the multi-scale
system139.

Foundation models
Traditional DL models need tailored datasets for each task, which is
infeasible given the wide array of weather and climate problems.

Table 3 | Taxonomy of artificial intelligence (AI) and statistical methods used in weather and climate science

Methodologies Purpose Challenges

Data Pre/Post-
processing

Simulation and Reanalysis Data Enhance input data quality, fill missing data, generate
realistic weather patterns

Data inconsistencies, observational gaps,
limited historical records

Regional Climate Downscaling Downscale coarse climate model outputs to high-
resolution for impact assessments

Loss of information in downscaling, sto-
chastic uncertainty

Large Language Models (LLMs) Assist in natural language explanations of forecasts for
non-expert users

Potential biases, lack of robustness in gen-
erated summaries

Dimensionality
Reduction and
Dynamics

Dimensionality Reduction (EOFs,
Autoencoders)

Extract key spatial features, remove noise, improve
climate variability representation

Difficulty in capturing nonlinear dynamics,
limited generalizability

Dynamical Systems Modeling
(SV, LIM, Koopman)

Extract modes of variability, emulate climate dynamics Limited training data, challenges in repre-
senting chaotic climate processes

Encoding Data Struc-
ture and Knowledge

Graph Neural Networks Represent Earth as graph structure. Encode complex
spatial and temporal relationships in geospatial data

Computational complexity, need for tem-
poral graph models

Hybrid Modeling (AI + Physical
Models)

Integrate AI with conservation laws and physics-based
models for greater accuracy

Balancing physical constraints with AI-
driven flexibility

Foundation Models Earth system FMs (e.g., ClimaX,
Prithvi, Aurora), Multi-modal FMs

Create general-purpose, task-agnostic representa-
tions; enable efficient transfer learning for diverse
downstream tasks with limited data

High pre-training costs; handling hetero-
geneous data sources; ensuring stability
across multiple scales

Generative and Prob-
abilistic AI

Generative Models (Diffusion,
GANs, VAEs)

Enable uncertainty quantification and scenario-based
climate modeling

High computational costs, stability issues in
training

Probabilistic AI Provide full probability distributions for forecasts
instead of single predictions

Over-smoothing, loss of small-scale
variability

Deterministic Emulators Enable fast ensemble simulations, improving extreme
event forecasting

Approximations may reduce fidelity to real-
world physics

XAI and Inter-
pretable AI

Explainable AI (XAI) Enhance trust and interpretability of AI models for cli-
mate applications

Difficulties in defining explainability metrics
for AI models

Causal AI and Interpretable AI Discover governing equations, parameterizations, and
causal relationships in climate data

Causal discovery remains challenging due
to limited observational constraints

The table categorizes methodologies across different aspects of the data pipeline, from data preprocessing to forecasting, uncertainty quantification, and explainability, illustrating their role in
improving accuracy, efficiency, and interpretability in climate and weather modeling.

Perspective https://doi.org/10.1038/s41467-026-75787-y

Nature Communications | (2026) 17:8578 7

www.nature.com/naturecommunications


Foundation models (FMs) instead leverage large, unlabeled, hetero-
geneous datasets to learn general-purpose representations adaptable
to any downstream task140. FMs lower barriers to scientific use by
providing a unified approach across the Earth system sciences. These
representations form a reusable backbone that can be fine-tuned with
limited additional data, enabling efficient transfer to downstream
applications141. This paradigm is particularly fitting to the weather and
climate domains, given the freely available observational and reana-
lysis data sources.

FMs remain an emerging direction rather than a demonstrated
capability for unification across Earth system sciences. Key open
questions concern physical consistency and OOD behavior, since evi-
dence for robust generalization across model generations (e.g., CMIP5
toCMIP6) or under changing forcing is still lacking. Recent approaches
either enforce constraints in the architecture (e.g., ACE2142, with mass
and moisture conservation) or learn physically consistent behavior
implicitly from large datasets (e.g., Aurora143, Aardvark138), while mul-
timodal and time-series FMs144 target non-stationarity and extrapola-
tion; concrete benchmarks (S2S skill, conservation-error thresholds,
robustness to perturbed forcings) will be vital for validation. The
domain’s multimodality and complex variable interactions enable
diverse pretraining paradigms, including autoregressive training,
information reconstruction, and instance discrimination. Earth
observation has seen rapid adoption of such models145, a domain that
shares fundamental characteristics and challenges with weather and
climate science: multi-modality, multiple scales, and spatio-temporal
variability. Recent Earth observation models have demonstrated a
paradigm shift towards task and sensor-agnostic FMs that flexibly
handle varying sensor combinations tailored to the needs of the
downstream task without sacrificing efficiency146–148. Similar solutions
are needed for weather and climate models to accommodate diverse
downstream applications across heterogeneous training datasets,
given the wide range of atmospheric variables, data sources (reana-
lysis, observations, and simulations), and spatio-temporal resolutions.

Complementary to generalist feature extractors, other approa-
ches have attempted to provide general-purpose, location-specific
representations by aligning location embeddings with rich satellite
image embeddings149. Extending this to account for temporal varia-
tions anddiverseweather and climate information holds greatpromise

for a more holistic representation. Targeted AI systems are an impor-
tant complement to foundation models. For example, Google’s
Weather Lab for tropical cyclones illustrates how focused applications
can deliver actionable improvements. However, such systems carry
risks, including potential overfitting to specific tasks, limited trans-
ferability, and dependence on proprietary data and infrastructure. The
increasing roleof private actorsmayalso introduceconstraints ondata
access, geopolitical pressures, and coordination (e.g., Reuters satellite
imaging delay; WMO cooperation challenges).

Similarly, FMs have been widely adopted in climate and weather
studies150, withmodels trained on decades of climate simulations (e.g.,
ClimaX116, pre-trained on CMIP6), reanalysis data (e.g., Prithvi WxC151,
pre-trained on MERRA-2), or varied climate datasets (e.g., Aurora143,
pre-trained on ERA5, and others). Recent FMs bridge scales and
modalities such as WeatherGenerator, which includes data ranging
from satellite imagery and reanalysis to ground and ocean measure-
ments, and AlphaEarth Foundations152, which fuses multi-source
satellite imagery and text embeddings along with reanalysis and geo-
physical data to provide unified annual embeddings.

These examples show how a single pre-training supports diverse
downstream tasks—weather forecasting, climate modeling, down-
scaling, land-cover mapping, and extreme-event detection—progres-
sively pushing the Pareto front toward better stability and accuracy
(Fig. 2). By synthesizing vast datasets with minimal task-specific
training, FMs lower barriers for scientific and operational use, poten-
tially accelerating climate and weather insights.

Generative AI
Generative models (e.g., diffusion models, flow-based and flow-
matching models, variational autoencoders (VAEs), generative
adversarial networks (GANs) enable sampling from complex, high-
dimensional distributions and are increasingly applied to weather
and climate problems. Recent applications demonstrate their
ability to generate physically realistic high-resolution climate
fields, perform statistical downscaling, augment or gap-fill incom-
plete datasets, emulate expensive numerical simulations, and
sample diverse weather scenarios, including extreme events. These
approaches represent a shift along the Pareto front toward
improved stability and correct data distribution (Fig. 2), though

Fig. 2 | Artificial intelligence (AI) bridging weather and climate across key
modelingdimensions. Idealized, conceptual, representation of the trade-off space
between model stability and accuracy (or, equivalently, consistency with domain
knowledge vs. data fidelity). AI methods progressively shift the Pareto front
(dashed lines) toward higher performance and stability. Arrows highlight areas of
advancement driven by explainable AI, improved architectures, generative and

probabilistic approaches, diffusionmodels, transfer learning, hybridmodeling, and
foundation models—collectively pushing toward unified, physically consistent AI
frameworks for weather and climate prediction. Colored dashed lines denote
successive Pareto fronts (lighter to darker with increasing AI capability), and
colored arrows mark the corresponding methodological advances.
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they typically prioritize statistical realism over strict physical
consistency.

GANs, flow-matching anddiffusion-based approaches have shown
particular promise for spatial refinement, refining coarse-resolution
inputs to kilometer-scale fields while preserving fine-scale variability
and physical realism (e.g., CorrDiff153, TAUDiff154, GenFocal155). Latent
diffusion methods perform downscaling in compressed representa-
tion spaces to improve computational efficiency156, achieving compe-
titive results at a reduced cost.

For global weather forecasting, diffusion models trained on rea-
nalysis data produce probabilistic ensemble forecasts with improved
skill compared to operational systems, particularly for extreme events
and tropical cyclones (e.g., GenCast28), while functional generative
networks achieve faster inference with competitive or superior per-
formance (e.g., WeatherNext 2157).

Modern generative methods offer fast inference, making large
ensembles feasible and providing diverse, physically consistent reali-
zations that are useful for quantifying uncertainty and characterizing
extremes. Accurately representing tail behavior is crucial for extreme-
event assessment and attribution studies, where probabilistic models
offer clear advantages8. Complementary probabilistic ML approaches,
such as Bayesian neural networks, deep ensembles, and conformal
prediction, further support uncertainty quantification by providing
calibrated distributional forecasts28, collectively enhancing decision-
making under uncertainty and risk assessment for high-impact
weather and climate events.

Explainable and causal AI
Explainable and causal AI techniques are critical for bridging the gap
between opaque data-driven models and physically interpretable
methods in weather and climate science. These approaches enable
transparency, ensure physical consistency, and support hybrid mod-
eling that spans weather to climate prediction7,115.

Explainable AI (XAI) uses attributionmethods, saliencymaps, and
physics-informed feature analysis to reveal the mechanisms behind
model predictions. This transparency enhances trust and enables
identification of key physical drivers behind weather or climate
phenomena115 (Fig. 2). Relatedly, Interpretable AI (IAI) aims to build
glass-box models or extract governing equations or simplified laws
from data, advancing parameterization and enabling operational use
of ML-derived insights in simulation and forecasting systems158.

Explaining AI models does not imply understanding processes
and their relations, either mechanistically or causally. Causal AI inte-
grates causal reasoning into hybrid Earth systemmodels, enabling the
identification of cause-and-effect relationships rather than mere cor-
relations (Fig. 2). This capability improves subgrid-scale para-
meterization, supports model evaluation by aligning causal
mechanisms in observations and simulations, and strengthens gen-
eralization across regime changes and scales from weather to
climate115,159,160.

Three AI-mediated bridges
The methods surveyed in the preceding sections collectively enable
three concrete, complementary bridges between weather and climate
science (Fig. 3): temporal, causal and structural bridges.

The temporal bridge is realized through subseasonal-to-seasonal
(S2S) prediction, which occupies the intermediate timescale regime
between weather forecasting (days to weeks) and climate projection
(seasons to centuries). AI models have recently demonstrated skillful
predictions at S2S lead times—a regime historically underserved by
both communities34–37. By learning representations that remain
coherent across medium-range atmospheric dynamics and slowly
evolving boundary-forced variability, these models serve as a natural
conduit between the two domains. Progress in the temporal bridge
directly benefits both communities: improved S2S skill informs climate
model initialization and provides a testbed for evaluating whether AI

Temporal Bridge

Weather Forecasting

S2S Prediction

Climate Projection

days weeks

weeks months

seasons centuries

AI

AI

S2S as a natural middle ground
spanning both timescale regimes

Causal Bridge

Factual
climate

Counter-
factual

forcing

AI Causal Attribution
counterfactual analysis

Extreme Event
weather climate

AI

AI links weather extremes
to climate change forcing

Structural Bridge

Weather
forecasting

Climate
projection

Shared AI Components

Foundation Models

Hybrid Physics-AI

Transfer Learning

Shared Emulators

AI AI

Interchangeable AI components
shared across both domains

Fig. 3 | Three artificial intelligence (AI)-mediated bridges betweenweather and
climate science. (Left) The temporal bridge: subseasonal-to-seasonal (S2S) pre-
diction sits naturally between weather forecasting (days–weeks) and climate pro-
jection (seasons–centuries), enabling AI models to span the full timescale
continuum34–37. (Center) The causal bridge: AI causal attribution methods compare
factual and counterfactual climate states to quantify the contribution of climate

change to individual extreme weather events, linking weather-scale dynamics to
climate forcing116,161. (Right) The structural bridge: foundation models, hybrid phy-
sics-AI, transfer learning and shared emulators serve as interchangeable compo-
nents shared across weather forecasting and climate projection, creating a
common technical infrastructure125,147.
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representations remain physically consistent beyond the med-
ium range.

The causal bridge connects individual extreme weather events to
the long-term evolution of the climate system. AI causal inference
methods115,159 enable efficient comparison of large ensembles of factual
and counterfactual climate simulations, identifying the causal pathway
from radiative forcing to observable extremes160. This bridge is bidir-
ectional: causal AI applied to weather-scale events can test and con-
strain climate model projections of extremes, while climate-scale
counterfactual analyses sharpen attribution statements at the event
level, directly linking weather dynamics to climate change.

The structural bridge emerges from the growing convergence of
AI architectures and model components used in both fields. Founda-
tion models, hybrid physics-AI systems, and transfer learning strate-
gies are increasingly applied to weather forecasting and climate
projection alike3,121,143. The interchangeability of these components
(e.g., ML-based parameterizations developed for climatemodels being
reused in weather systems, or weather-scale data assimilation techni-
ques informing climate initialization) creates a shared technical layer
that accelerates progress in both domains simultaneously. This
structural convergence is also reflected in the bibliometric analysis
(Fig. 1), where shared methodological vocabulary has grown sub-
stantially since the deep-learning revolution.

Outlook: open problems and future directions
AI as a catalyzer for seamless weather-climate modeling
Building on the section Distinct challenges in weather and climate, we
highlight key research directions at the interface of AI, weather, and
climate (Fig. 2). Weather and climate models have traditionally occu-
pied different regions of this trade-off space, shaped by distinct
objectives, methods, and metrics. Recent AI approaches are relaxing
these trade-offs, enabling models that better balance data fidelity,
physical constraints, and dynamical behavior, and opening a shared
modeling regime spanning timescales. AI is thus not just another tool
but a catalyst for tighter integration across scales, model components,
and communities.

Recent progress in hybrid modeling, foundation models, and
probabilistic learning shows AI can cross long-standing weather-cli-
mate boundaries. Efforts such as ECMWF’s WeatherGenerator show
how AI can augment weather prediction, while ML-based para-
meterizations have improved climate models in convection, cloud
microphysics, land-atmosphere coupling, and sea-ice-radiation
interactions3,161–165. Yet a coherent framework unifying the two
remains lacking.

Towards a unifying methodology
We identify two directions central to this integration. First, end-to-end
hybrid physics-AI systems offer a principled way to learn from obser-
vations while preserving physical consistency, supporting stable
forecasts and long-term projections. Second, multi-scale, scale-aware
foundation models can learn shared representations that transfer
across tasks, from weather prediction and seasonal forecasting to
downscaling and climate projection. Together, these advances point
toward seamless Earth system AI models that span nowcasting,
medium-range forecasting, subseasonal-to-seasonal prediction, and
decadal-to-centennial timescales.

Realizing this vision requires key capabilities and specific actors to
drive change. First, modeling centers and researchers should develop
differentiable Earth system components over the next 3–5 years; these
are essential for end-to-end training, sensitivity analysis, and uncer-
tainty propagation166. Concretely, modeling centers such as ECMWF,
NCAR, and nationalmeteorological services shouldprioritize releasing
modular, open-source, differentiable components compatible with
existing ESM frameworks, with CMIP-compatible interfaces to enable
community reuse. These components must be modular and

composable, allowing parameterizations and emulators to be
exchanged, optimized, and audited, while making structural uncer-
tainty explicit. This shift calls for automated calibration and uncer-
tainty quantification in place of ad hoc tuning. Finally, closer
integration of data assimilation and machine learning is needed to
address observational constraints and uncertainties arising from initial
conditions and model structure in a unified way across coupled com-
ponents and timescales.

Evaluation, robustness and trust across timescales
As a second action, international consortia such as CMIP, with opera-
tional centers including ECMWF and WMO, must jointly establish
robust validation benchmarks for AI-enabled ESMs within a few years:
joint weather-climate AI benchmark suites with standardized metrics,
CMIP-compatible AI training splits under open-access mandates, and
intercomparison experiments such as AIMIP167 that hold AI and
physics-based models to the same standards. This includes physics-
aware diagnostics, such as conservation checks, as well as stability and
behavior stress tests across regimes to avoid brittle extrapolation. For
seamless prediction, benchmarks must span timescales and resolu-
tions, covering short-term forecasts, non-stationary behavior, and
responses to changing forcing. Concrete examples of “robust evalua-
tion metrics” go beyond traditional grid-point error measures such as
RMSE. They include (i) physical consistency, enforcing conservation of
energy, mass, and moisture; (ii) probabilistic skill via proper scoring
rules for distributional forecasts168,169; (iii) spatio-temporal coherence
of forecast trajectories; (iv)model-evidence strategies170; and (v) causal
or process-level consistency171–174. Due to the lack of ground truth for
climate projections, evaluation practices must differ, relying on sur-
rogate validation strategies like perfect-model experiments, hindcasts,
and paleoclimate analogs. Climate model evaluation (e.g., CMIP-style
intercomparisons175) relies on a combination of historical skill176,
process-based diagnostics testing causal dynamics177,178, and inter-
model consistency179 rather than strict out-of-sample verification. Joint
evaluation is critical to ensure that progress along the Pareto front
does not come at the expense of performance in other dimen-
sions (Fig. 2).

AI approaches reach their full potential when combined with
complementary methodological advances. Tail-aware sampling and
rare-event emulation, supported by probabilistic and generative fra-
meworks, are thus essential for efficient representation of extremes
and risk. Interpretable machine-learning methods can mitigate black-
box behavior, support physical insight, and improve trust in extra-
polation. Finally, causal surrogate models enable policy-relevant sce-
nario analysis by supporting counterfactual “what if” questions for
decision-making.

Towards social and ethical AI-Earth systems
Expanding the shared weather-climate regime in Fig. 2 depends on
boundary conditions shaping the sustainability, equity, and trust-
worthiness of AI advances. A third action: funding agencies and the
global research community must prioritize sustainability and demo-
cratization, with funding calls—starting immediately—that demand
energy-efficient models, scalable training, and reduced-complexity
variants enabling participation beyond a few well-resourced institu-
tions. Funding agencies should explicitly require energy and compute
reporting in grant applications, and support dedicated compute allo-
cations for under-resourced institutions in the Global South. Open-
access mandates for reanalysis-derived AI training corpora—modeled
on initiatives such as ERA5’s Copernicus CLIMATE Data Store—would
lower entry barriers without compromising data quality. Neglecting
these constraints risks concentrating climate modeling capacity and
undermining reproducibility.

Open and shared datasets, pre-training corpora, and benchmarks
are equally essential. Open access to reanalysis and observational data,
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model code, parameters, and evaluation protocols underpins trans-
parency and cumulative progress. This must be accompanied by
strong standards for documentation, skill reporting, and reproduci-
bility, which are critical for operational use and policy-relevant
applications.

Bridging communities
Realizing this vision ultimately requires seamless collaboration among
domain scientists (weather, climate, Earth systems), AI researchers
(mathematics, computer science, engineering), and institutions
(funding agencies, operational centers, and public and private orga-
nizations). Progress is encouraging, but it must proceed in all direc-
tions, fostering an environment where expertise is genuinely shared
and mutually reinforcing.

This calls for a fourth line of action related to changes in how
communities interact, including more fluid and informal modes of
collaboration that enable cross-fertilization and serendipity180,181. The
scientific community and institutional organizers must immediately
implement practical steps, including regular interdisciplinary work-
shops, joint weather-climate-AI conferences, and shared benchmark
efforts and competitions182,183. Initiatives such as the Earth Virtualiza-
tion Engines (EVE) illustrate how sharedplatforms anddigital twins can
align modeling groups, AI developers, and stakeholders around com-
mon components, data standards, and evaluation pipelines, accel-
erating the transfer of advances from research to operations.

Strategic commitments to AI integration atmajor centers, such as
ECMWF, show how operational settings can serve as testbeds for
methodological advances under real-world constraints. The private
sector and foundation model developers also play a key role by pro-
viding scalable compute, large pre-training corpora, and sharedmodel
evaluations, while adhering to open standards and equitable access. AI
is a critical catalyst, but it cannot address these challenges in isolation.
Stronger links among meteorologists, climate and Earth scientists, AI
researchers, engineers, mathematicians, funders, and policymakers
are essential. Operational centers should open testbed programs for
external AI researchers; funding agencies should mandate inter-
disciplinary co-supervision of doctoral students; and the community
should establish recurring joint weather-climate–AI summer schools
targeting early-career researchers, building on models such as the
ECMWF training courses, the ESA-NASA ML4Earth Workshop Series
and the NSF NCAR’s AI strategy184.

Through sustained and structured collaboration—across institu-
tions, career stages, and disciplines—AI can help advance modeling,
improve forecasts, and supportmore informeddecisions in a changing
climate. The steps outlined here are not merely aspirational: several,
such as benchmark coordination through CMIP, open training data
releases, and interdisciplinary summer schools, can begin immediately
with existing infrastructure and community engagement.
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