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ABSTRACT
Artificial intelligence (AI) is rapidly transforming Earth science, offering unprecedented capabilities to 
tackle the most pressing challenges in the field. This work explores significant advances and emerging 
challenges across the AI for atmosphere–ocean sciences, while outlining critical ways forward. We 
review deep-learning methods and their application in weather and climate forecasting, which 

outperforms dynamical models in accuracy and computational efficiency. The role of AI in detecting 
complex phenomena, enhancing data assimilation and reconstruction, bias correction and downscaling 
coarse model outputs is also examined. However, the ‘black-box’ nature of complex AI models 
necessitates a focus on explainable AI to build trust and extract mechanistic insight. The most 
promising path forward is identified as the development of hybrid physics–AI modeling, which 

integrates the data-driven power of AI with the foundational constraints of physical laws to ensure 
generalizability and causal consistency. A new framework for AI-based model intercomparison is 
essential for rigorous benchmark performance. Finally, we contextualize these technical developments 
by discussing the usefulness and applicability of AI to society, including the improvement of 
multi-hazard early-warning systems and green energy production. We conclude by envisioning the 
future of AI agents for Earth science—autonomous, goal-oriented systems capable of designing and 
running experiments, generating and testing hypotheses, and learning dynamics from multisource 
data. This synthesis underscores that AI is not merely a tool, but a paradigm shift, which will 
significantly improve how we understand and adapt to a changing climate. 

Keywords: AI application and challenge, atmosphere–ocean sciences, explainable AI, AI-MIP, AI 
agent 
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itoring, theoretical analysis and numerical model- 
ing over the past century. Intensified observations 
reveal major atmosphere and ocean phenomena—
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NTRODUCTION 

tmospheric and oceanic sciences have pro-

ressed through the combined supports of mon- 
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rontal systems, eddies, waves and large–scale
irculations—and make it possible to trace their
omplete life cycles. Meanwhile, advances in
luid dynamics and thermodynamics have paved
he way to a solid physical framework for un-
erstanding atmospheric and oceanic patterns
1 –4 ]. 

To forecast them, numerical weather- and
cean-prediction systems have assembled all
vailable data from in situ and remote observations
nto gridded initial conditions. High–performance
omputers then solve the governing equations to
imulate the evolution of atmospheric and oceanic
rocesses on timescales spanning from hours to
ecades [5 ,6 ]. While this classic paradigm has
rovided a reliable approach for understanding
nd predicting atmosphere and ocean phenom-
na, three long-standing challenges still remain.
irst, data-assimilation (DA) methods continue to
truggle with the sheer volume and heterogeneity
f expanded observations. Second, uncertainties
n subgrid process parameterizations give rise to
ystematic biases that worsen in extreme-event
imulations. Third, the exponentially increased
omputational cost for high–resolution ensem-
le forecasting has prevented further model
mprovements. 

Artificial intelligence (AI)—more precisely,
eep learning (DL)—now offers a new promising
nd complementary approach to mitigate these
hallenges. By directly mining nonlinear relation-
hips from large datasets, AI models reconstruct
issing or finer-resolution observations in sec-
nds [7 ], detect and track critical phenomena [8 ]
nd deliver global forecasts on hourly, days, sea-
onal and even decadal timescales [9 –11 ], with
heir performance often exceeding those of cur-
ent dynamical models. 

However, several key issues should be resolved
efore AI can be fully integrated into atmospheric
nd oceanic sciences. For instance, existing tech-
iques for incorporating ever larger and more di-
erse observation streams into AI models are still
rimitive, limiting their performance in real-time
orecasts. Most of the purely data-driven AI ar-
hitectures lack fundamental conservation laws
nd dynamical balances, which leads to their low
xplainability and undermines their reliability in
ealing with unprecedented or extreme condi-
ions [12 ,13 ]. In addition, global AI forecast mod-
ls also suffer systematic biases in their tempo-
al and spatial structures [12 ] and tools to trace
orecast errors back to model components or ini-
ial inputs have not yet matured. It is also unclear
hether a single AI framework can cover the en-

ire spectrum of forecast horizons from immedi-
te nowcasting to seasonal–decadal predictions as
Page 2 of 27
well as climate projections [13 ], which dynamical 
models can fully provide. 

This review article summarizes recent ad- 
vances and challenges in broad AI applications 
in atmosphere–ocean sciences along with poten- 
tial ways forward. After giving a succinct intro- 
duction of DL and its key difference from tradi- 
tional methods in the second section, the third 
and fourth sections focus on the AI applications 
for the detection of atmospheric, land and oceanic 
phenomena, data reconstruction and assimilation. 
The fifth section reviews AI performance across 
different timescales on weather–subseasonal to 
interannual–decadal forecasts, along with the evo- 
lution of large AI models, while the sixth sec- 
tion focuses on the bias correction and down- 
scaling of dynamical model products. Concerning 
the intrinsic defects of DL, the seventh to ninth 

sections review possible approaches to improv- 
ing their transparency, reliability and performance 
evaluation, focusing on eXplainable AI (XAI), hy- 
brid physics–AI modeling and AI-based model in- 
tercomparison. The tenth section briefly discusses 
how AI-based models can better serve society. 
The final section presents the latest progress in 

AI agents for climate science, which provides a 
profound step toward a humans–AI collaborative 
paradigm for better confronting our challenges. 

AI DL VERSUS PHYSICS-BASED AND 

CLASSIC STATISTICAL METHODS 

Scientists have long relied on two main categories 
of approaches to understand and predict weather 
and climate processes as well as their variabili- 
ties, i.e. physics-based and statistical models [14 ]. 
These approaches have collectively formed a ro- 
bust analytical framework that has advanced our 
understanding of weather and climate systems. 
Given the established efficacy of these classical 
methods, it has become essential to examine the 
unique capabilities that DL brings to atmosphere–
ocean sciences and how these methods comple- 
ment or enhance existing tools. 

Physics-based models 
Physics-based models form the cornerstone of 
Earth science, grounded in fundamental prin- 
ciples such as conservation laws and thermo- 
dynamics. However, they exhibit systematic bi- 
ases stemming from the closure problem, in 

which unresolved small-scale processes must be 
approximated through parameterizations [15 ]. 
Current schemes often rely on empirical rela- 
tionships derived from limited observations or 
high-resolution simulations, introducing substan- 
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ial uncertainties and context-dependent biases
hat vary across weather–climate regimes and
cales. These biases propagate through the system,
mpacting both short-term weather forecasts and
ong-term climate prediction/projection. 

While physics-based models excel at the step-
y-step integration of governing equations, de-
iciencies in representing small-scale and slowly
volving physical processes often limit their ability
o capture emergent patterns across multiple spa-
iotemporal scales. The reducible structures evi-
ent in the phase space of these dynamical systems
uggest that pure physical integration—despite its
echanistic rigor—may not be optimal for all ap-
lications. Data-driven methods can complement
raditional modeling by directly identifying and
xploiting these patterns, offering enhanced in-
ights into complex phenomena [16 ]. 

tatistical models 
hile the weather and climate are governed

y a chaotic, high-dimensional, multiscale dy-
amical system, the atmosphere–ocean sciences
ave traditionally relied on several key statistical
pproaches, focusing on extracting dominant
atterns from observed data. Using techniques
uch as linear regression, compositional analysis
nd time-series analysis, these models reduce
imensionality and analyse spectra to navigate the
omplexity of the system. Core to this approach
s the incorporation of randomness to represent
haotic natural features, resulting in a framework
hat is probabilistic and largely agnostic toward
ausality. However, these statistical approaches
ypically rely on prior knowledge via a parametric
rior (e.g. Gaussian distributions), while the
igh-dimensional, multiscale and chaotic nature
f weather and climate systems often violates
hese assumptions. 

L 

L represents a particularly powerful branch
f machine learning (ML) that employs hierar-
hical layered transformations and abstractions
17 ]. When data and computation are abundant,
L demonstrates exceptional advantages through
everal key innovations in the learning process as
ollows: 

Learning = Representation + Evaluation 

+Optimization , (1)

here ‘Representation’ means to choose how to
ransform raw data into useful features and select
 model architecture that defines the hypothesis
Page 3 of 27
space that the learner can explore [18 ,19 ]. ‘Eval-
uation’ means to specify the function that defines 
‘good’ performance and steer the behavior of the 
model during training. ‘Optimization’ means the 
process that uses data-driven algorithms to adjust 
parameters to minimize loss and achieve the de- 
fined objective. Note that representation (includ- 
ing both feature representation and function rep- 
resentation), evaluation and optimization are not 
treated separately in DL. Below we highlight how 

modern DL combines these aspects synergistically 
for superior performance. 

DL revolutionizes function representation by 
automating feature discovery, in which models 
adaptively extract task-relevant patterns that 
optimize specified loss functions, often uncover- 
ing insights beyond human-engineered features 
[20 ]. This benefit is particularly evident given 

abundant, high-quality training data. Hierarchical 
architectures enable the progressive composition 

of low-level features into abstract, invariant rep- 
resentations, facilitating the nonlinear modeling 
of complex phenomena and offering superior 
predictive power over shallow methods. Depth 

plays a pivotal role in enhancing inductive bi- 
ases that leverage inherent data symmetries and 
structures in deep architectures. For instance, 
convolutional neural networks (CNNs) embed 
translational invariance for processing gridded 
data [21 ]; recurrent neural networks (RNNs) 
such as long short-term memory (LSTM) capture 
temporal dependencies in time-series forecasting 
[22 –24 ]; graph neural networks (GNNs) are uti- 
lized to model the relational topologies inherent 
in weather and climate networks [16 ,25 ]; neural 
operators incorporate spectral mappings for par- 
tial differential equation (PDE)-based modeling 
[26 ,27 ]; transformers facilitate global interactions 
for teleconnections [28 ]; and hybrid architectures 
such as convolutional-long short-term memory 
(Conv-LSTM) integrate multiple biases for spa- 
tiotemporal tasks [29 ]. Beyond discriminative ar- 
chitectures, generative DL approaches—including 
variational autoencoders (VAEs) [30 ], generative 
adversarial networks (GANs) [31 ] and diffusion 

models [32 ,33 ]—learn to approximate underly- 
ing data distributions from samples. In particular, 
multistep generative models such as diffusion pro- 
cesses, formulated through stochastic differential 
equations or flow matching [34 ], progressively 
capture multiscale spectral structures inherent in 

data. This hierarchical generation process offers 
considerable potential for developing foundation 

models capable of addressing key challenges in DA 

and seamless prediction across timescales [35 ]. 
Evaluation fundamentally revolves around dif- 

ferentiable objectives that enable gradient-based 
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Figure 1. Representative examples of 11 weather-phenomena images (left panel) and the effectiveness of a CNN model evaluated by using 
the confusion matrix (right panel) [39 ]. 

o  

f  

t  

g  

a  

d  

f  

r  

[

A
D
S
T  

h  

p  

e  

c  

s  

f  

s  

i  

t  

m  

l  

m  

i  

p

A
A

(Continued from 

previous page) 

28 State Key Laboratory 
of Numerical Modeling 
for Atmospheric 
Sciences and 
Geophysical Fluid 
Dynamics, Institute of 
Atmospheric Physics, 
Chinese Academy of 
Sciences, Beijing 
100029, China; 29 The 
Commonwealth 
Scientific and Industrial 
Research Organisation, 
Sydney 2113, Australia; 
30 University of New 
South Wales, Sydney 
2052, Australia; 
31 Jiangxi Climate 
Center, Nanchang 
330096, China and 
32 Public Meteorological 
Service Centre, China 
Meteorological 
Administration, Beijing 
100081, China 

 

p  

a  

f  

r  

d  

D
ow

nloaded from
 academ

ic.oup.com
/nsr/article/13/5/nw

ag063/8444589 by G
FZ Potsdam

 user on 03 Septem
ber 2026
ptimization. These include cross-entropy loss
or classification tasks; probabilistic losses such as
hose parameterizing output distributions for re-
ression with uncertainty quantification; gener-
tive paradigms such as VAEs [30 ], GANs [31 ],
iffusion models [32 ,33 ] and flow matching [36 ]
or learning high-dimensional distributions; and
eward maximization for reinforcement learning
37 ]. 

I-BASED PHENOMENA MONITORING, 
ETECTION, CLASSIFICATION AND 

EGMENTATION 

he identification and tracking of phenomena
ave traditionally relied on physical models or em-
irically defined threshold-based methods. How-
ver, these conventional approaches face signifi-
ant limitations in multimodal data coupling, fine-
cale feature extraction and heterogeneous data
usion. AI-based methods overcome these con-
traints by data mining representations, eliminat-
ng the dependence on manually crafted rules and
hresholds. This advancement enables automated,
ultiscale information extraction—from object-

evel detection to pixel-level segmentation—and
arks a paradigm shift in the dynamic monitor-

ng and mechanistic understanding of multiscale
henomena [38 ,39 ]. 

tmosphere-phenomena detection 

I-based methods have achieved significant
rogress in monitoring and analysing various
tmosphere phenomena (Fig. 1 ), including hail,
rost, rainbow and smog. In addition, based on
emote sensing data, DL models were built to
etect and classify tropical cyclones (TCs) and es-
Page 4 of 27
timate their intensities [40 ], providing pixel-level 
identification of TCs and atmospheric rivers [41 ] 
and accurate precipitation-type classification [42 ], 
achieving superior accuracy to those of traditional 
methods. 

Land-phenomena detection 

Key applications include the monitoring of land- 
use and land-cover (LULC) changes, surface 
albedo and temperature, soil moisture, evapotran- 
spiration, water reservoirs, cryosphere dynamics 
(glaciers and ice sheets), snow, vegetation and 
crop growth, as well as related natural hazards 
such as bushfires, landslides, droughts and river 
flooding [43 ]. Among these, LULC is particularly 
critical as a primary input for the land-surface 
component of Earth-system models (ESMs), sup- 
plying essential information on vegetation types, 
urban extents and crop land [44 ]. Despite the 
abundance of satellite-derived LULC products, 
inconsistencies in classifications hinder their di- 
rect application in ESMs. Addressing these dis- 
crepancies through data harmonization remains 
a key challenge for improving the accuracy and 
utility of LULC datasets. Another key challenge 
involves harnessing DL to reconstruct historical 
trends and project the future dynamics of land- 
surface variables—such as Land Use/Land Cover 
Change and the leaf-area index (Fig. 2 a)—beyond 
the temporal coverage of available satellite obser- 
vations, especially at high resolution. 

Ocean-phenomena detection 

With AI and multisource remote sensing data—
such as infrared, microwave and synthetic 
aperture radar, complex oceanic processes are 
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Figure 2. (a) AI-based land detection. Leaf-area index (left) derived by using an artificial neural network from MODIS 
and LULC classification (right) by using CNNs from Landsat, shown over a region in Sichuan Province, China (30.92°–
32.08°N, 102.92°–104.08°E) on 1 June 2020. (b) AI-based ocean detection. Internal solitary waves (ISWs, left) de- 
tected at multiple levels: pixel-level and object-level detections. AI-based eddy-detection map (right) categorizes 
mesoscale eddies into four classes: warm anticyclonic eddies (WAEs, red contours), cold anticyclonic eddies (CAEs, 
magenta contours), cold cyclonic eddies (CCEs, blue contours) and warm cyclonic eddies (WCEs, green contours). 
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nvestigated with unprecedented precision and
fficiency [45 ]. For instance, a number of DL
rchitectures were constructed to successfully
etect internal solitary waves at both the object
evel (bounding boxes) and the pixel level (wave-
rest masks) (Fig. 2 b, left panel) [46 ], achieving
obust cross-sensor performance and providing
 valuable data foundation for forecasting and
ynamic analysis. A residual U-Net architec-
ure was also employed to identify four classes
f mesoscale eddies—warm-core anticyclones,
Page 5 of 27
cold-core anticyclones, cold-core cyclones and 
warm-core cyclones [47 ]—uncovering thermo- 
dynamically ‘abnormal’ eddies often missed when 

using traditional techniques (Fig. 2 b, right panel). 

DATA RECONSTRUCTION AND 

ASSIMILATION 

Obtaining high-resolution and physically consis- 
tent gridded fields is fundamental for atmosphere–
ocean sciences. Applications such as regional 
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Figure 3. The three core scenarios of AI approaches for atmospheric and oceanic data processing. 
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eather and climate analyses, Earth-system and
xtreme-event prediction require accurate spa-
iotemporal representations of key state variables.
hree core scenarios arise in practice: recon-
truction from partially observed fields, super-
esolution from coarse-grid simulations and DA
ntegrated from model forecasts and observations
Fig. 3 ). Each presents distinct challenges and has
purred the development of increasingly sophisti-
ated AI approaches. 

ata reconstruction 

raditional methods, such as optimal interpola-
ion or empirical orthogonal functions, rely on
trong assumptions (e.g. linearity, stationarity,
aussianity) and therefore often fail to recover
patiotemporally consistent structures. DL offers
 more flexible alternative, especially in cases with
elatively dense or structured observations. De-
erministic supervised models learn direct map-
ings from masked fields to complete fields by
sing architectures such as masked autoencoders
48 ], partial convolutional networks [49 ] and U-
et variants with uncertainty estimation [50 ].
ANs have also been applied for inpainting and
adar recovery [51 ,52 ]. Recent improvements in-
lude the use of auxiliary physical variables (e.g.
ind, chlorophyll) [50 ] and transfer learning from
retrained climate models [7 ,53 ]. The LaMa DL
odel has recently been shown to outperform
xisting statistical and DL approaches for recon-
tructing global historical temperature fields [54 ].

More ill-posed settings arise when observa-
ions are sparse, irregular or multimodal (e.g.
aleoclimate proxies, isolated sensors). They
equire generative models that approximate the
istribution of plausible states. Most admit a
wo-stage paradigm: learning a prior via VAEs or
eural ordinary differential equations, followed
Page 6 of 27
by posterior sampling conditioned on sparse 
inputs [55 ]. Diffusion-based models extend this 
framework by incorporating observations during 
sampling via score-based guidance, as in S3GM 

[56 ] and related approaches [57 ]. 

DA 

DA aims to generate dynamically consistent anal- 
yses by combining background forecasts with ob- 
servations. Traditional techniques, such as 3DVar, 
4DVar and ensemble Kalman filters, are grounded 
in physical principles, but depend heavily on 

sample-estimated background-error covariances, 
limiting the flexibility in non-Gaussian or non- 
linear settings. Due to the similarity between op- 
timizing DL networks and solving the analysis 
equation in variational DA methods—both relying 
on the gradient calculation of the loss function—it 
has been widely discussed that DL networks could 
mimic the DA process [58 –60 ]. 

AI-based DA approaches fall into two 
paradigms: hybrid and fully generative. In hy- 
brid methods, AI augments specific components 
within classical DA systems. A first class of hybrid 
approaches focuses on shared DA components 
that are common to both the 3DVar and the 
4DVar frameworks. For instance, neural net- 
works have been used to model background-error 
covariances [61 ] and satellite radiance obser- 
vation operators [62 ], enabling more flexible 
and nonlinear representations while remaining 
compatible with variational DA formulations. 
A second class of hybrid approaches specifically 
targets challenges that are more prominent in 

4DVar, such as flow-dependent background 
errors, adjoint models and the high computa- 
tional cost of optimization over assimilation 

windows. AI-based methods have been proposed 
to improve flow-dependency modeling [63 ,64 ], 



Natl Sci Rev, 2026, Vol. 13, nwag063

a  

i  

t  

i  

A  

e  

p  

p  

s  

i  

d  

o  

e  

d  

r
 

l  

d  

c  

N  

a  

s  

d  

a  

i  

b  

t  

t
 

a  

o  

g  

[  

t

A
T
D  

p  

i  

t  

w  

c  

t  

o  

p  

o  

t  

D  

p  

a  

w  

m  

t  

d  

D
ow

nloaded from
 academ

ic.oup.com
/nsr/article/13/5/nw

ag063/8444589 by G
FZ Potsdam

 user on 03 Septem
ber 2026
ccelerate optimization schemes [63 ] and approx-
mate adjoint models [65 ], thereby alleviating
he computational and optimization difficulties
nherent in 4DVar. In ensemble-based settings,
I has also been applied to improve Kalman gain
stimation [66 ], covariance localization [67 ] and
article filter efficiency through score-based sam-
ling [68 ,69 ]. Latent-space DA, which embeds
ystem states in lower-dimensional manifolds,
s also gaining traction [70 –72 ]. However, fully
ata-driven DA methods are currently more
ften explored in 3DVar-like settings and their
xtension to 4DVar, in which flow-dependent
ynamics play a central role, remains an open
esearch challenge. 

In the fully generative paradigm, AI models
earn the posterior distribution of analysis fields
irectly from the paired training samples of fore-
asts, observations and analysis states. The U-
et architecture using fusion modules successfully
ssimilates satellite observations [73 –75 ]. Diffu-
ion models have become the dominant approach
ue to their ability to capture complex priors
nd incorporate observations through condition-
ng or score-based guidance [57 ,76 ,77 ]. GAN-
ased methods have also been explored [74 ,78 ,79 ],
hough diffusion models are now preferred due to
heir greater stability and physical consistency. 

By directly using the automatic differentiation
lgorithm embedded in the AI-based DA, targeted
bservations that identify the most sensitive re-
ions for improving forecast skill can be detected
80 –82 ], thereby enhancing the overall quality of
he AI-based DA. 

I PREDICTIONS AT DIFFERENT 

IMESCALES 

L-based forecast models have begun to out-
erform current dynamical models, particularly
n predicting atmospheric variations along with
he occurrence/intensity of extreme events in
eather and subseasonal timescales by learning
omplex, high-dimensional and nonlinear rela-
ionships, thereby mitigating forecast errors that
ften arise from simplifications in traditional
hysical parameterizations. By modeling land,
cean and sea-ice components and incorporating
heir relationship with the anthropogenic factors,
L models are anticipated to yield substantial im-
rovements at longer climate timescales. Further
dvancements in DL methodologies, combined
ith the integration of physics-informed and
eta-learning approaches, can help to address

he data-scarcity and ‘black-box’ issues in building
ata-driven weather and climate models. These
Page 7 of 27
innovations enable learning from limited data and 
contribute to the more effective optimization of 
DL models. 

Nowcasting 

Precipitation nowcasting—high-resolution fore- 
casting of precipitation up to several hours 
ahead—supports the socioeconomic needs of 
many sectors. To leverage the advantages of 
DL models in terms of both predictive accuracy 
and computational efficiency, DL approaches 
have been introduced that directly predict future 
rainfall rates from radar observations with high 

spatiotemporal frequencies (1-km horizontal 
resolution with a temporal range from 5 min 

to 1 h). Although early stages of DL models 
for precipitation nowcasting accurately predict 
low-intensity rainfall, their operational utility 
remains limited due to the blurry nowcasts at 
longer lead times, resulting in poor performance 
in predicting heavy-precipitation events [83 ]. 
Recent DL models for probabilistic precipitation 

nowcasting from radar data tend to address these 
challenges by adopting stochastic generative 
models [84 ]. The unnatural motion and intensity 
in the predicted precipitation are mitigated by in- 
troducing an advection-based evolution network 
that incorporates horizontal-wind information 

[85 ]. In MetNet-3, precipitation-related variables 
from in situ observations are further utilized [86 ]. 
It achieves a realistic high-resolution structure 
of precipitation from sparse observations by in- 
troducing a process called densification. Namely, 
certain portions of station data are randomly 
dropped from the input of the network during 
training, while keeping these observations as 
targets, and the model is evaluated both through 

spatial generalization to unseen stations and 
through hyperlocal performance at observational 
locations. 

Weather to subseasonal forecasts 
In addition to regional DL-based models with a 
few kilometers’ resolution for precipitation now- 
casting [87 ], various DL-based global models have 
been developed and have achieved superior ac- 
curacy in forecasting air temperature, humid- 
ity, geopotential heights and horizontal winds, 
by leveraging historical reanalysis datasets [9 ,88 –
98 ] (Fig. 4 ). Pangu-Weather based on Swin- 
Transformer architecture reported 10% lower 
root mean square errors (RMSEs) in predicting 
key tropospheric and surface atmospheric vari- 
ables than the operational integrated forecasting 
system (IFS) of European Centre for Medium- 
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Figure 4. Timeline of DL-based state-of-the-art models for global weather and climate forecasts. Dates indicate the initial release date of each 
model, and AE, CRPS and PINN are abbreviations for autoencoder, continuous ranked probability score and physics-informed neural network 
(including physics-guided neural network), respectively. 
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ange Weather Forecasts (ECMWF), one of the
ost accurate operational dynamical model-based

orecast systems [99 ]. GraphCast, a GNNs-based
odel, significantly outperforms the IFS on 90%
f the verification targets and supports better pre-
iction of severe events, including tropical cyclone
racking and atmospheric rivers [89 ]. A spherical
ultigrid neural operator that integrates spheri-

al harmonic convolution and a spherical Fourier
eural operator (SFNO) achieves a significant im-
rovement in predicting lower and middle tropo-
pheric variables with a lead of ≤7 days [100 ]. 

The capabilities of DL-based atmospheric
odels are further extended to cover broader

orecasting objectives and longer time horizons.
o estimate the uncertainty induced by various
tmospheric instabilities, which allows a nuanced
nterpretation of model outputs and enables users
o facilitate robust and risk-aware strategies,
L-based models such as FengWu, FuXi, Arch-
sWeather and GenCast incorporate diffusion-
ased generative algorithms into the determin-
stic DL architectures, harnessing the strengths
f generative models [101 –104 ]. Diffusion-based
pproaches and a noise-injection strategy with
odel ensembles [105 ] also effectively mitigate

he blurry issue, enhance their ability to predict
xtreme-weather events (e.g. heatwaves) and
mprove uncertainty estimation. An integration
f diverse data sources enhances the prediction
Page 8 of 27
accuracy of the data-driven model by utilizing in 
situ and remote sensing measurements as well as 
reanalysis [106 ,107 ]. Diffusion-based approaches 
such as generative assimilation and prediction 

(GAP) have also been shown to be able to unify 
DA and weather prediction from medium range 
to seasonal cycle in one framework [35 ]. 

To extend forecast durations to subseasonal 
timescales, a common strategy is to reduce tempo- 
ral resolution to prevent the accumulation of er- 
rors during the iterative forecasts [104 ,108 ]. An- 
other way is to construct a loss as a function of
forecasts on the subseasonal lead times. There is 
a multistep loss method in which predictions are 
performed repeatedly over multiple steps and the 
loss at all steps is calculated to update the model 
parameters [89 ]. For example, the training pro- 
cess of FuXi-S2S follows an autoregressive train- 
ing regime and a curriculum training schedule, in- 
crementally increasing the number of autoregres- 
sive steps from 1 to 17 days’ lead [109 ]. As a re-
sult, FuXi-S2S achieves skillful daily mean pre- 
dictions for ≤42 days and significantly extends 
the predictive skill for Madden–Julian oscillation 

(MJO). In a similar manner, FengWu applied a 
replay buffer mechanism, which stores the pre- 
dicted results from previous optimization itera- 
tions and uses them as the input for the model 
for subsequent iterations. As it mimics the in- 
termediate input error during the autoregressive 
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Figure 5. (a) Correlation skill of sea-surface temperature (SST) using various DL-based models. Each model is represented by a line showing 
the prediction skill of the Niño3.4 SST index, and models are grouped by their base DL architecture (CNN-based, graph convolutional network- 
based, or transformer-based). Arrows at the correlation threshold of 0.5 indicate the lead-time ranges over which the correlation skill exceeds 
0.5 for predictions over tropical and mid-latitude regions using DL-based global ocean models. (b) RMSE of the global salinity and currents of 
the DL-based XiHe model with four operational numerical models (adopted from [111 ]). (c) Example of simulatable phenomena of DL-based 
model targeted to predict tropical ocean variabilities by using monthly fields (upper panel) and DL-based global ocean models (lower panel). 
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nference stage, it is known to be beneficial for
ong-lead forecasts with efficient computation and
emory [101 ]. The probability-based loss func-

ion in Artificial Intelligence Forecasting System-
ontinuous Ranked Probability Score contributes
o capturing the subseasonal variability in the at-
ospheric system while preserving the original

emporal frequency [96 ]. The GAP framework
lso shows remarkable skill at subseasonal scales,
ncluding MJO prediction [35 ]. 

Enhancing the generalization and physical con-
istency of DL-based models, NeuralGCM com-
ines a simplified, differentiable atmospheric dy-
amical core with AI-based physical parameter-
zations [13 ]. This hybrid architecture preserves
he integrity of large-scale fluid dynamics while al-
owing the learned components to simulate sub-
rid processes. If these DL-based parameteriza-
ions are modularized and categorized (e.g. Neu-
alGCM with a precipitation scheme [110 ]), the
ntire modeling becomes more transparent and
nterpretable, thus providing clearer guidance for

uture model development. 

Page 9 of 27
Seasonal-to-interannual forecasts 
Given that oceanic processes are the primary 
drivers of climate variability on interannual 
to decadal timescales, data-driven global ocean 

models are expected to extend the predictive capa- 
bilities of current DL models to longer timescales 
[11 ,111 ]. Various DL models that aimed to predict
dominant interannual variability in the tropical 
Pacific, namely El Niño Southern Oscillation 

(ENSO), by using architectures such as Vision- 
Transformer (ViT) [112 ], convolutional block 
attention modules [113 ] and graph convolutions 
[114 ] have extended predictive lead times by 
≤2 years, thereby surpassing the performance 
of most advanced dynamical models and a pi- 
oneering CNN-based DL model [10 ] (Fig. 5 a). 
A modified version of the aforementioned DL 

models has shown promising results in predicting 
dominant oceanic variabilities in the Indian Ocean 

[115 ], the tropical Atlantic Ocean [116 ,117 ] and
Arctic sea ice [118 ,119 ], despite these regions 
being traditionally considered as less predictable 
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ue to shorter-lived and weaker variability
115 ]. 

To improve the explainability and applicabil-
ty of DL models, 3D data-driven ocean mod-
ls have been developed, enabling more accurate
imulation and prediction of dominant interan-
ual and decadal variability with systematically re-
uced biases compared with those of the state-
f-the-art dynamical models (Fig. 5 b). DL ocean
odels, based on Swin-Transformer architectures

28 ], can resolve oceanic eddies [76 ] and trop-
cal basin-scale atmosphere–ocean coupled pro-
esses [112 ], capturing both local and global atmo-
pheric [120 ,121 ] and oceanic connections [111 ]
Fig. 5 c). It is demonstrated that an SFNO-based
100 ] coupled atmosphere–ocean model success-
ully reproduces ENSO-related large-scale Bjerk-
es feedbacks and associated global atmospheric
eleconnection patterns [122 ]. Through ideal-
zed experiments, it is further demonstrated that
he DL ocean model is able to simulate realistic
D thermodynamic responses associated with the
quatorial oceanic waves (i.e. Kelvin and Rossby
aves) driven by atmospheric wind forcings
11 ]. 

By taking the leverage of the DL model to keep
ny constraints by minimizing the loss function
ith the differential algorithm, a specified loss can
e designed to seek the fast-growing perturba-
ions, which is known to be optimal for ensemble
orecasts [123 ]. As the fast-growing perturbations
epresent the initial patterns that most sensitively
nfluence the target phenomenon, they can also be
nterpreted as a powerful tool for identifying op-
imal precursors and for conducting predictability
tudies [123 –126 ]. 

To compensate for limited samples of data, DL
odels often incorporate synthetic training data

rom multidecadal simulations of dynamical cli-
ate models [10 ,11 ,127 ]. However, similar ap-
roaches have proven to be less effective in pre-
icting mid-latitude climate variability [128 ,129 ].
his is primarily due to the limited reliability
f dynamical model simulations in these regions,
temming from the complexity of their driving
echanisms [130 ], resulting in a lower signal-

o-noise ratio in forecasts [131 ]. Instead of using
imulations of dynamical climate models, meta-
earning algorithms facilitate the rapid adapta-
ion of DL models to new tasks by using limited
ata [132 ], making it possible to perform skill-
ul mid-latitude climate forecasting based solely
n the limited number of observational records
133 ,134 ]. 
Page 10 of 27
Decadal prediction and climate projection 

Climate projection simulates the impacts of vary- 
ing external forcings, such as greenhouse gases and 
aerosols, over several decades under various sce- 
narios to inform future policy decisions. AI-based 
global models typically adopt an autoregressive 
forecasting approach that performs iterative pre- 
dictions at intervals ranging from as short as 1 h to
as long as 1 month [11 ,13 ,100 ,135 ]. Consequently, 
conducting a 100-year simulation requires an au- 
toregressive forecast that repeats ≥10 000 steps. 
Although data-driven models can qualitatively re- 
produce realistic dynamical properties across a 
certain number of time steps [136 ], errors can ac- 
cumulate over successive prediction steps if fun- 
damental physical constraints (e.g. conservation 

of energy) are violated. Moreover, concerns re- 
main about whether AI models can capture cli- 
mate responses to radiative forcing changes over 
multidecadal periods that far exceed their predic- 
tion timesteps. 

To prevent physical violations and enable sta- 
ble long-term simulations, AI models have been 

augmented with domain knowledge (i) by em- 
bedding physical constraints directly into their 
architecture and (ii) by creating a hybrid physics–
AI model. Physics-informed neural networks ap- 
ply soft physical constraints through loss-function 

penalties [137 ,138 ], while hard physical con- 
straints enforce conservation laws through ar- 
chitectural design [135 ,138 ,139 ]. Examples in- 
clude constraints from the momentum equation, 
continuity equation [140 ], thermodynamic re- 
lations [139 ], mass-conservation equation [140 ] 
and moisture conservation [135 ]. Sensitivity ex- 
periments have identified moisture processes as 
the primary cause of collapse in long-term simula- 
tions, suggesting that constraining moisture con- 
servation is possibly more critical than constrain- 
ing other physical relations [141 –143 ]. Accord- 
ingly, enforcing global moisture conservation and 
condensation constraints was shown to substan- 
tially enhance the stability of long-term climate 
simulations [135 ,144 ]. Notably, it was demon- 
strated that, even when inference intervals (e.g. 
6 h or 1 day) are short relative to the timescales of
CO2 forcing, AI models can still learn and reflect 
CO2 –induced climate responses [135 ]. 

Hybrid physics–AI models further address 
physical inconsistencies and support stable long- 
term integrations by deploying AI primarily in a 
supportive role. Key implementations include: in- 
tegrating a dynamical core or process-based model 
with a neural network-based learnable physics 
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Table 1. Bias correction for dynamical model prediction at different timescales. 

Timescale Variables Methods Advantage References 

Weather forecast Wind ML and stacking 
methods 

Effectively combine different foundational models 
for bias correction 

[157 ] 

Precipitation DL Correct the bias in the precipitation prediction 
through considering different variables 

[158 ] 

Temperature DL The performance of bias correction through the 
DL is better than that of the traditional method 

[159 ] 

Climate prediction Temperature Adaptive bias 
correction 

Combines state-of-the-art dynamical forecasts 
with observations using ML 

[163 ] 

Precipitation DL Reduced bias in Western Pacific Subtropical High 
(WPSH) and SST is critical to enhancing 
forecast accuracy 

[160 ] 

MJO DL Blend the dynamical forecasts and observations to 
improve the accuracy of MJO prediction 

[164 ] 

Climate projection Precipitation GNNs Distinguish historical climate simulation samples 
and observation samples 

[167 ] 
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odule [13 ,141 ,144 –146 ], adapting differentiable
odeling frameworks to jointly optimize physical

nd neural network components [43 ] and employ-
ng AI for systematic bias correction in dynamical
odel forecasts [147 ]. 
Despite these advances, NeuralGCM still yields

nrealistic outputs under extreme-warming sce-
arios ( + 4 K) [13 ], indicating limits to the ex-
rapolation beyond training regimes. Climate–
nvariant transformations (e.g. from specific hu-
idity to relative humidity) to stabilize proba-
ility density functions across regimes [138 ] and
eep stable learning techniques that remove spuri-
us correlations to focus on intrinsic features un-
er distribution shifts [148 ] can help mitigate the
limate extrapolation challenge under unseen ex-
reme conditions. 

Decadal climate prediction bridges seasonal
orecasting and long–term projections by target-
ng 1–10 years of variability and hence requires
he representation of internal modes such as the
NSO, Pacific Decadal Oscillation (PDO) and
tlantic Multi-decadal Oscillation (AMO) [149 –
51 ]. Map-to-index AI models targeting specific
ecadal variability, such as PDO and AMO, have
chieved skillful multiyear to multidecadal predic-
ions [152 ,153 ]. Beyond this, recent map-to-map
I ocean models have demonstrated robust pre-
ictive skills for decadal variabilities for up to mul-
iple years [11 ]. 

OST-PROCESSING OF DYNAMICAL 

ODEL PRODUCTS 

o mitigate the limitations of numerical weather
redictions (NWPs) and climate forecasts of dy-
amical models induced by coarse resolutions,
Page 11 of 27
non-perfect parameterization schemes and initial- 
izations [154 ], post-processing approaches have 
been widely applied, such as correcting bias and 
the downscaling of temperature, precipitation and 
wind forecasts [155 ]. Recently, AI has played a key
role in post-processing due to its ability to depict 
nonlinear relationships and it efficiently improves 
the prediction skills of dynamical models at differ- 
ent scales (Table 1 ). 

AI bias correction for dynamical weather 
forecasts 
By distilling patterns from vast archives of ob- 
servations and model outputs, machine-learning 
techniques have been utilized to compensate for 
dynamical model biases and generalize across di- 
verse weather and climate regimes, delivering no- 
ticeable gains in both accuracy and reliability. 
Early studies demonstrated that random forests 
and support-vector regressors, when trained by 
using a direct-mapping strategy, outperform clas- 
sical statistical post-processing schemes for short- 
term wind-speed forecasts [156 ]. Furthermore, 
ensemble strategies such as stacking generaliza- 
tion have attracted growing interest for their 
ability to blend complementary strengths and 
suppress residual errors [157 ]. Similar AI-driven 

advances are now being extended to precipitation 

and temperature prediction, signaling a broader 
paradigm shift in operational forecasts [158 ,159 ] 
(Table 1 ). 

AI bias correction for dynamical climate 

simulation and prediction 

AI approaches have also been applied to correct 
biases in dynamical climate prediction. Compared 
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ith weather forecasts, bias correction with AI
n climate prediction is more difficult due to the
ack of sufficient samples [155 ]. Nevertheless, ML
nd DL have helped to improve the seasonal pre-
iction skills for precipitation over China [160 ],
isplaying obvious advantages over the conven-
ional quantile mapping method [161 ]. The re-
ults suggest that reduced biases in predicting the
estern Pacific Subtropical High and sea-surface

emperatures is critical to enhancing the precipita-
ion forecast accuracy [160 ], consistently with the
ell-recognized mechanism. Data-driven meth-
ds also help to optimize the weights of ensem-
le prediction [162 ]. Regarding the subseasonal
o seasonal (S2S) prediction, in which MJO pro-
ides a primary predictability source but has not
et been well predicted in dynamical forecasting
ystems, the ML and DL bias-correction methods
ave been applied to blend the dynamical fore-
asts and observations to improve the accuracy
f temperature, precipitation and MJO prediction
163 ,164 ] (Table 1 ). 

The ML and DL methods have also been uti-
ized to improve long-term climate simulations
ade by dynamical models. A spatial-based 2D
onv-LSTM network was proposed to correct the
ias in spatial dynamics and precipitation prod-
cts from regional climate models (RCMs) [165 ].
urthermore, online corrections can be integrated
nto a model running cycle as well, allowing sub-
equent cycles to benefit from previous improve-
ents. For instance, CNN online bias-reduction
odels were developed to create a corrective
odel parameterization, improving the accuracy
f precipitation and MJO simulations [166 ]. To
itigate the weakness that existing approaches
sually focus on limited low-order statistics or
reak the spatiotemporal consistency of the target
ariable, a regularized adversarial domain adap-
ation methodology was developed to overcome
hese deficiencies, enhancing the efficient iden-
ification and correction of climate model biases
167 ] (Table 1 ). 

I downscaling for dynamical model 
utputs 
raditional approaches include interpolation (e.g.
ilinear, spline), statistical disaggregation and
ownscaling based on climatological regression
nd analog matching. However, these methods ei-
her assume fixed spatial relationships and thus
xhibit limited generalizability or suffer from
igh computational costs. AI-based downscal-
ng aims to enhance the spatial resolution of
eophysical fields by learning mappings from
Page 12 of 27
coarse-resolution simulations to high-resolution 

representations. 
Recent advances in AI have enabled more flex- 

ible and data-driven resolution enhancement by 
learning nonlinear mappings from coarse to fine 
scales (Fig. 3 ). Deterministic supervised models, 
such as DeepSD [168 ] and ResLap [169 ], employ 
CNNs for efficient upscaling, but often under- 
estimate fine-scale variability and associated un- 
certainties. To address these limitations, gener- 
ative models have been increasingly adopted to 
sample from the conditional distribution of high- 
resolution fields. Representative approaches in- 
clude normalizing flows [170 ], GAN-based ar- 
chitectures [171 ,172 ], progressive and multiscale 
GAN variants [173 ,174 ], as well as more re- 
cent diffusion and consistency models [175 –178 ]. 
Additional architectural components, such as at- 
tention mechanisms, have further improved per- 
formance, particularly in capturing spatial hetero- 
geneity and extreme events [179 ]. These AI-based 
super-resolution and downscaling methods have 
been successfully applied across a wide range of 
weather and climate applications, including pre- 
cipitation and temperature downscaling, climate 
field reconstruction and the refinement of dynam- 
ical model-generated products [180 –182 ]. 

EXPLAINABLE AI 
Though AI has been widely used in atmosphere–
ocean sciences, the intrinsic ‘black-box’ nature of 
AI raises an indispensable double crisis [183 ], i.e. 
it completely shields the decision-making process 
from inferences and shakes the foundation of the 
scientific community’s trust in AI to a large extent. 
To address this challenge, XAI technology [184 ] 
attempts to answer fundamental questions, such as 
‘How does AI effectively extract physical laws from 

data?’, by systematically dismantling the key com- 
ponents of AI models. In principle, applications of 
XAI in atmosphere–ocean modeling can be classi- 
fied into three types (Fig. 6 ) [185 ,186 ]. 

First, inherently interpretable AI models such 

as linear regression, generalized additive models, 
decision trees and rule-based systems are com- 
monly used due to their ability to display the way 
in which decisions are made (Fig. 6 a). However, 
they often sacrifice predictive performance com- 
pared with more complex models such as deep 
neural networks [187 ]. Note that these types of 
methods are sometimes considered not as XAI, but 
as so-called interpretable AI. 

Second, well-developed geoscience theories 
and physical mechanisms can guide AI modeling 
for better feature extraction from large datasets, 



Natl Sci Rev, 2026, Vol. 13, nwag063

Figure 6. Three types of XAI technologies, including (a) inherently interpretable models, (b) model structures with 
enhanced transparency and (c) post-hoc method. 
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hich makes the model more explainable. Based
n many successes, this has gradually become a
odeling statute (Fig. 6 b). Physics-informed neu-

al networks are recognized as one of the most
xplainable architectures and they directly incor-
orate PDEs into neural layers and loss functions
188 ]. Attention layers are beneficial in revealing
lement-level characteristics, such as spatiotem-
oral and variable domains [189 –191 ], and neural
Page 13 of 27
operators [192 ,193 ] facilitate the capture of vari- 
ability at different temporal frequencies. It is also 
noteworthy that causal neural networks, which 

combine the rigorous causal inference theory with 

AI modeling [194 ,195 ], are effective tools for min- 
ing knowledge from data. Time-lag or teleconnec- 
tion information between multiple physical vari- 
ables and processes can be efficiently expressed in 

the form of causal diagrams. 
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Third, utilizing mature post-hoc explainable
ethods in a well-trained AI model can derive sig-
ificant scientific findings, which helps to make
lack-box models transparent (Fig. 6 c). These
ethods can be generally grouped into four cate-
ories. The first two types of methods are called
odel-agnostic, while the other two are model-

pecific. The first type is a surrogate approach.
lobal surrogates approximate the entire behav-

or of a black-box model by using inherently in-
erpretable AI models such as decision trees, while
ocal surrogates explain the predictions for indi-
idual instances (e.g. local interpretable model-
gnostic explanations [196 ]). The second type is a
erturbation-based attribution approach. Shapley
dditive explanation [197 ] is the most represen-
ative, which effectively detects the contributions
f individual features or well-designed feature
roups by AI model input modifications [198 ].
he third type is a gradient-based attribution ap-
roach [199 ] and is the most widely used method
or DL models. With the help of the automatic
erivation of AI models, one can easily explore the
radient of various objective functions with re-
pect to the input to generalize physical meanings
115 ,200 ]. The fourth type is the optimization-
ased attribution approach, which overcomes the
trong assumption of linearity and small perturba-
ion magnitude in the first two types of approaches
201 ]. Conditional nonlinear optimal perturba-
ion [202 ] is the most effective method, which
akes advantage of the strong nonlinear character-
stics of AI models and uses optimization to reveal
he initial perturbations that most affect the model
kill [125 ]. 

It should be emphasized that the effectiveness
f the XAI technology is strictly dependent on the
igh performance of AI models [201 ]. Physical in-
onsistency may arise if there are fatal systematic
iases in AI models. For example, AI weather-
orecasting models trained on present-day climate
ata exhibit systematic biases, such as a global-
ean cold drift, when applied to future warmer

limate scenarios, causing physically inconsistent
nterpretations of climate dynamics [203 ]. In ad-
ition to the structure of AI models, the construc-
ion and selection of high-quality data used in
I modeling—such as ensuring relevance, repre-
entativeness, physic consistency and fairness—are
ritical for enhancing the robustness and reliabil-
ty of explanations derived from XAI. It should be
oted that different AI models and different XAI
ethods may offer inconsistent explanations. As

 result, the derived explanations should be care-
ully examined among different approaches. The
pplication of XAI in Earth-system science is still
n its infancy and tremendous efforts are needed
Page 14 of 27
to develop co-designed frameworks that integrate 
domain knowledge, causal inference and human- 
centered interfaces [186 ]. 

HYBRID PHYSICS–AI MODELING 

Traditional NWP systems rely on PDEs that 
describe atmospheric dynamics, thermodynamics 
and various physical processes. However, these 
models are often computationally expensive and 
sensitive to both initial conditions and model 
resolution. Meanwhile, purely data-driven mod- 
els, although fast and flexible, often lack fun- 
damental physical constraints, making their ex- 
trapolation to out-of-sample conditions question- 
able. To address these limitations, hybrid physics–
AI methods integrate the best of both worlds: 
the interpretability and rigor of physical mod- 
els with the adaptability and predictive power of 
modern ML. 

Physics-informed machine learning (PIML) 
exemplifies this synergy by directly incorporating 
physical equations into the neural network train- 
ing process [204 ,205 ]. In weather and climate con- 
texts, PIML can embed dynamical and thermody- 
namical equations into the loss function so that the 
model learns to satisfy physical constraints while 
fitting the observed or simulated data [206 ]. Al- 
ternatively, methods to directly modify learned 
dynamics use stabilization techniques to ensure 
that conservation laws have been introduced for 
chaotic dynamics [207 ]. This explicit blending of 
data and physics aims to reduce the amount of data 
required and improve generalization, as the net- 
work is guided not just by statistical correlations, 
but also by known laws of fluid dynamics and ther- 
modynamics (Fig. 7 ). 

AI is now transforming our capability to 
rapidly and accurately simulate complex multi- 
scale processes, particularly in weather and cli- 
mate prediction. Previous AI methodologies, such 

as sparse representation, RNNs, reservoir com- 
puting and related approaches, have demonstrated 
significant potential for modeling dynamical sys- 
tems [208 ,209 ]. Recent advancements, particu- 
larly neural operators, further enhance this poten- 
tial by providing a generalized framework for in- 
terpreting and modeling these complex phenom- 
ena at finer scales, resulting in high-fidelity pre- 
dictions. Neural operators generalize traditional 
neural networks by learning operators—mappings 
between input and output functions defined over 
continuous domains [27 ,152 ]. Unlike traditional 
numerical approaches, neural operators are not 
limited to explicitly solving PDEs; instead, they 
learn representations directly from data, captur- 
ing underlying physics implicitly through obser- 
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Figure 7. Workflow of the hybrid physics–AI system and results. This figure presents a composite overview of re- 
cent state-of-the-art hybrid physics–AI weather-forecasting models, including GenCast, WeatherGFM, DeepPhysiNet 
and FourCastNet. It integrates representative workflows and selected results from these models to effectively illus- 
trate the architectural structure and core operators of the hybrid modeling approaches. Subfigures are adapted from 

GenCast [105 ], DeepPhysiNet [205 ], and FourCastNet [192 ] with modifications. 
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ations or simulations. That is, neural operators
ncompass many data-driven weather and cli-
ate models, inherently learning mappings be-

ween physical states across various temporal and
patial scales, and therefore can avoid inaccura-
ies resulting from simplified equations or incom-
lete physical representations [210 –212 ]. This ca-
ability enhances their applicability in practical
orecasting scenarios, in which observational data
Page 15 of 27
often include complex phenomena beyond the 
scope of numerical models. Thus, neural opera- 
tors generalize better to out-of-sample conditions 
and unforeseen extreme events, improving pre- 
dictive robustness. Many data-driven forecasting 
models can be effectively understood within this 
broader neural operator framework, highlighting 
their flexibility and efficacy in tackling complex 
weather- and climate-prediction challenges. 
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Among neural operators, Fourier neural
perators (FNOs) are widely utilized [8 ]. This
echnique leverages the powerful representation
apabilities of Fourier transforms, capturing spa-
ial correlations across multiple scales. In weather
nd climate forecasting, FourCastNet utilizes the
ramework of FNOs to achieve a highly efficient,
ata-driven approach while leveraging physical
nsights [192 ]. FourCastNet uses spherical convo-
utions or spectral transformations to ensure that
redictions respect global properties on Earth’s
pherical geometry. WeatherGFT proposes a
ybrid physics–AI model that generalizes weather
orecasts to finer-grained temporal scales beyond
he training dataset [213 ]. More precisely, they
mploy a carefully designed PDE kernel to simu-
ate physical evolution on a small timescale (e.g.
00 s) and use a parallel neural network with a
earnable router for bias correction. Furthermore,
eatherGFT introduces a lead-time-aware train-

ng framework to promote the generalization of
he model at different lead times. The weight anal-
sis of physics–AI modules indicates that physics
onducts major evolution while AI performs
orrections adaptively. 

NeuralGCM and ClimODE are further exam-
les of hybrid frameworks that integrate phys-
cal principles into DL architectures [13 ,214 ].
hese models often start with a structure inspired
y general circulation equations—describing fluid
otion on rotating Earth—and embed trainable

omponents that learn the subgrid-scale processes
r parameterizations. By respecting conservation
aws and large-scale atmospheric balances, Neu-
alGCM can focus their learning capacity on com-
lex physical parameterizations (e.g. cloud mi-
rophysics, radiation or ocean–atmosphere cou-
ling). Similarly, ClimODE seeks to merge neural
rdinary differential equation structures with con-
ective dynamics, ensuring that the physical back-
one remains intact. These strategies reduce the
isk of unphysical results while harnessing AI for
asks such as parameter estimation, downscaling
r DA. 
A crucial motivation for these hybrid physics–

I approaches is that purely data-driven meth-
ds may fail when encountering conditions be-
ond their training distribution. Extreme-weather
vents, long-term climate shifts and complex in-
eractions between land, ocean and atmosphere
rocesses are difficult to capture without explicit
hysical constraints [41 ]. By integrating domain
nowledge directly into AI architectures, one can
educe overfitting and ensure more robust extrap-
lation. Furthermore, hybrid physics–AI methods
ften require fewer labeled data points than purely
Page 16 of 27
data-driven approaches, as the physical compo- 
nents guide or regularize the learning process 
[215 ]. This synergy can be particularly beneficial 
in regions or at timescales with sparse observa- 
tions. 

However, hybrid physics–AI models face sev- 
eral challenges. Foremost among them is the com- 
plexity of integrating high-fidelity physical equa- 
tions into trainable architectures without mak- 
ing them computationally unwieldy. Most PIML 

methods may struggle when the domain is com- 
plex or when the underlying dynamics involve sig- 
nificant turbulence or stochasticity [216 ]. Balanc- 
ing accuracy and efficiency often requires the care- 
ful design of model architectures, solvers and DA 

schemes. Another issue is interpretability: while 
physics-based equations are transparent, neural 
network representations are not. One must ensure 
that the hybrid designs remain explainable enough 

to build trust with end users [217 ]. 

AI-MIP (AI-BASED MODEL 

INTERCOMPARISON PROJECT) 
In recent years, AI-based weather and climate 
foundation models have demonstrated advanced 
forecasting capabilities, but with critical chal- 
lenges remaining unresolved, as discussed 
above [218 ]. Standardized benchmarks with 

high-quality data, such as ImageNet [219 ] and 
COCO [220 ], have driven progress by providing 
structured datasets, well-defined objectives and 
rigorous evaluation protocols. Similarly, com- 
prehensive benchmarks are also crucial to the 
development of weather and climate AI models by 
(i) broadening participation, (ii) enabling system- 
atic comparison, (iii) ensuring reproducibility, 
(iv) assessing model applicability, (v) tackling 
model limitations and (vi) guiding future direc- 
tions (Fig. 8 ). 

AI-AMIP (AI-based atmospheric model 
intercomparison project) 
Current benchmarks for AI-based atmosphere 
models can be classified by forecast horizon, fore- 
casting approach, data modality and application 

focus. 
Regarding forecast horizon, benchmarks cover 

nowcasting, medium-range, subseasonal and 
climate-scale forecasting. Weather4cast targets 
precipitation nowcasting by using satellite data 
[221 ], while the AI for Nowcasting Pilot Project 
(AINPP) of the World Meteorological Organiza- 
tion (WMO) focuses on operational nowcasting 
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Figure 8. Schematic diagram of the AI-MIP (Model Intercomparison Project). 
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222 ]. For medium-range (1–15 days’) forecast-

ng, WeatherBench [223 ] and WeatherBench2
88 ] provide standardized datasets and evaluation
etrics. The AI Model Forecast Demonstration
roject (AIM-FDP) of China Meteorological Ad-
inistration supports the operational deployment
f AI-based medium-range weather-forecasting
odels. For S2S forecasting, ECMWF’s AI
eather Quest and ChaosBench [224 ] foster AI-

ased S2S advancements. ClimateLearn provides
n open-source library for climate AI research
225 ]. 
Page 17 of 27
Forecasting approaches include deterministic 
and probabilistic methods. While early bench- 
marks focused on deterministic metrics, recent 
benchmarks, such as WeatherBench2, Weather- 
Bench Probability [226 ] and Lagged Ensemble 
Benchmark [227 ], incorporate probabilistic scores 
such as the continuous ranked probability score, 
Brier score and spread-skill ratio. 

In terms of data modality, benchmarks utilize 
reanalysis (e.g. ERA5), NWP outputs, satellite ob- 
servations and in situ measurements. Despite its 
popularity, ERA5 has known biases, particularly 
in precipitation [228 ] and tropical cyclone inten- 
sity [102 ]. Benchmarks such as Weather2K [229 ], 
WEATHER-5K [230 ] and WeatherReal [231 ] in- 
tegrate observational datasets, while HR-Extreme 
[232 ] and ClimateNet [233 ] include NWP out- 
puts. ClimateBench-M [234 ] combines ERA5, 
NOAA extreme-weather-event data and satellite 
imagery. 

Application encompasses general-purpose 
forecasting and specialized tasks, including 
extreme-event prediction, radiative transfer (e.g. 
ClimART [235 ]), DABench [236 ]) and land- 
surface prediction (ERA5-land [237 ], LandBench 

[238 ]). 

AI-OMIP (AI-based ocean model 
intercomparison project) 
AI has also been applied to predict tropical air–sea 
coupled modes [10 ,114 ,115 ], mesoscale eddies, 
marine heatwaves [239 ], sea ice [240 ,241 ], ocean
waves [242 ,243 ] and storm surges [244 ]. Recent
foundation models [11 ] outperform conven- 
tional statistical and dynamical models [239 ]. The 
growing diversity of AI-based ocean-forecasting 
models underscores the need for an AI-ocean- 
model benchmark, with unified metrics and 
standardized datasets to systematically assess 
model performance and biases as well as forecast 
uncertainties. 

AI-CMIP (AI-Climate Model 
Intercomparison Project) 
The AI-based Climate Model Intercompari- 
son Project (AI-CMIP) can be grouped into 
predictive-skill assessment, climate attribu- 
tion/projection and a hybrid physics–AI model. 

For predictive-skill assessment on seasonal-to- 
interannual timescales [245 ,246 ], model hetero- 
geneity in architectures, training data and evalua- 
tion protocols complicates universal benchmark- 
ing. ClimateSet [247 ] offers large and consistent 
datasets derived from 36 Input4MIPs and CMIP6 
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odels. Specialized datasets further support
pplications for drought [248 ] and extreme-
eather events [249 ]. 
For attribution and projection, AI of-

ers efficient alternatives to computationally
ntensive ESMs [250 –254 ]. ClimateBench [255 ]
stablishes a unified framework for evaluating
oth dynamical and AI models, and is applied
roadly in climate tasks [256 ,257 ]. ClimSim [258 ]
nd ClimDetect [259 ] provide large-scale datasets
or detection and attribution. 

Hybrid physics–AI models are increasingly ap-
lied for physical parameterization, bias correc-
ion, downscaling and post-processing. Super-
ench [260 ] provides high-resolution datasets,
hough comparable climate downscaling datasets
emain limited. ClimART [235 ] offers large-
cale benchmark data for atmospheric radiative
ransfer. 

uiding principles for evaluation protocol 
nd metrics 
n contrast to conventional physics-based mod-
ls, AI models are trained on data rather than
overned by physical equations. This fundamen-
al paradigm shift introduces distinct challenges
or model evaluation and intercomparison, partic-
larly in assessing the robustness, generalization,
tability, physical consistency, dynamical balance
nd conservation properties of AI models [261 ].
herefore, evaluating AI-based weather and cli-
ate foundation models must go beyond stan-
ardized benchmarks and include a broader set
f verification diagnostics. These should combine
raditional statistical skill scores [88 ,223 ], mea-
ures of spatial sharpness or smoothness [12 ] and
argeted tests of physical consistency and process
idelity [262 ]. This multidimensional evaluation
ramework is critical to ensure that AI models are
ot only skillful, but also physically credible and
eliable for scientific and operational use. 

To address these needs, WMO expert groups,
ncluding the Working Group on Numerical
xperimentation (WGNE), the Joint Work-
ng Group on Forecast Verification Research
JWGFVR) and the Standing Committee on

MO Integrated Processing and Prediction
ystem (SC-WIPPS), are developing evaluation
rameworks through the Weather Prediction
odel Intercomparison Project (WP-MIP) [263 ]

o enable fair and systematic comparison of
I-based, physics-based and hybrid forecast-

ng systems, while explicitly accounting for the
nique characteristics and limitations of AI mod-
ls. Establishing such standards is essential for
ransparent intercomparison with traditional
Page 18 of 27
approaches and for building user trust in AI-based 
forecasts. 

Perspective 

As AI-based foundation models advance, bench- 
marks must evolve accordingly. For instance, 
WeatherBench2 improves upon its predecessor 
by enhancing the spatial resolution to 0.25° and 
incorporating probabilistic metrics, reflecting the 
superior probabilistic forecasting performance of 
AI relative to NWP models [13 ,104 ,264 ]. Eval- 
uating AI-based models requires domain-specific 
expertise [265 ,266 ]. To promote broader partici- 
pation, open-source evaluation platforms such as 
WeatherBench2 promote broader participation by 
collecting models for standardized evaluation. 

Despite progress, ocean and climate AI models 
remain highly heterogeneous, complicating uni- 
fied benchmarking. While ChaosBench and Cli- 
mateBench provide important foundations, fur- 
ther efforts are needed to rigorously assess model 
skill, physical consistency and explainability [267 ], 
particularly for downscaling and physical parame- 
terization. 

USEFULNESS AND APPLICABILITY OF AI 
MODELS TO SOCIETY 

AI is emerging as a disruptive technology, pro- 
foundly reshaping various societal sectors by of- 
fering high-resolution forecasts at significantly 
lower computational costs [268 ]. AI-driven sys- 
tems excel at handling high-dimensional datasets 
and identifying subtle patterns among weather 
variables, which enables them to deliver faster and 
more energy-efficient forecasts. These advance- 
ments provide direct benefits to critical sectors. In 

the energy industry, AI offers precise generation 

forecasts for wind and solar installations, meeting 
their unique operational needs [269 ], and demon- 
strates superior performance in both accuracy and 
efficiency [270 ]. In agriculture, AI assists farm- 
ers in optimizing planting schedules and crop se- 
lection based on weather outlooks, thereby en- 
hancing productivity and sustainability. Further- 
more, leveraging the integration of meteorologi- 
cal and geospatial foundation models through AI 
can effectively enhance the development of multi- 
hazard early-warning systems [271 ]. The global 
market for AI-based climate modeling is expand- 
ing rapidly, projected to grow at a compound an- 
nual growth rate of > 23% between 2025 and 2034, 
reflecting increasing investment and adoption by 
governments and industries seeking data-driven 

strategies for climate resilience. 
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Figure 9. Evaluation of CMIP6 models in simulating seasonal cycles of monthly precipitation in Asia by EarthLink. 
(a) Task definition and diagnostic requirements, including annual mean and seasonal cycles and regional time-series 
analyses. (b) Automated planning output from EarthLink, detailing end-to-end workflow from data acquisition to de- 
liverables. (c) Example code snippet generated by the system for data processing and analysis. (d) Modeled and 
observed precipitation seasonal cycles over the selected region, with annual mean ranking and model performance 
comparison. (e) Automated textual interpretation of the results, providing a plain-language summary generated by 
the system. 
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However, the widespread application of AI
odels in atmosphere–ocean sciences faces

ignificant challenges that temper their op-
rational adoption. A primary concern is the
eliability of the models in forecasting unprece-
ented extreme events or ‘gray swans’ [272 ].
urthermore, specific applications face data lim-
tations. For instance, many radar-data-based
I nowcasting systems cannot provide a com-
rehensive, high-resolution view of all relevant
actors. Ensuring equitable access and governance
lso remains a critical challenge, as gaps in digital
nfrastructure and the presence of algorithmic
ias can limit the effectiveness of these models,
articularly in the southern hemisphere [273 ]. 
To fully unlock the societal potential of AI, fu-

ure development must address these challenges.
 critical step is the systematic comparison of tra-
itional NWP and AI models to better under-

tand how their fundamental differences in effi- 
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ciency and methodology impact forecast outcomes 
[272 ,274 ]. Moreover, it is crucial to move beyond
statistical accuracy and quantify the tangible value 
that AI improvements provide for end users. A 

more statistically accurate forecast does not au- 
tomatically translate into a better decision [272 ], 
highlighting the need to co-design and evaluate 
AI solutions with stakeholders in sectors such as 
energy, transportation and agriculture to measure 
their real-world impact. This involves develop- 
ing robust, accountable and fair AI pipelines that 
support evidence-based policymaking and opera- 
tional use. Despite these hurdles, the market trend 
shows a clear and growing integration of AI into 
operational weather services worldwide, signal- 
ing that their immense potential is recognized. 
This trajectory points toward a new era of intel- 
ligent forecasting, in which data-driven insights 
and physical laws are deeply intertwined to build 

a more resilient and sustainable society [269 ]. 
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I AGENTS FOR CLIMATE SCIENCE (AS 

NE GROUND-BREAKING WAY FORWARD) 
I is transforming science, not only by accelerat-

ng simulations and predictions, but also by act-
ng as a genuine partner in discovery. In materi-
ls science, autonomous laboratories guided by in-
elligent agents are discovering new compounds
nd catalysts [275 ]. In life sciences, general-
urpose biomedical agents and virtual laborato-
ies of AI systems are designing experiments,
roposing hypotheses and even discovering novel
herapeutics such as nanobodies [276 ,277 ]. These
dvances highlight a broader trend toward the
mergence of the ‘AI scientist’, in which ma-
hines evolve from analytical tools into collabo-
ative partners that support and extend human
ntellect. 

Earth science is beginning to follow this tra-
ectory. The central challenge in this domain is
ot simply to improve prediction from ever larger
atasets, but to achieve a deeper, human-like un-
erstanding of the physical world, especially when
orking with sparse and heterogeneous obser-
ations. Meeting this challenge requires moving
eyond pattern recognition toward genuine sci-
ntific reasoning. A step in this direction is rep-
esented by EarthLink—an AI agent system de-
igned as an interactive copilot for climate sci-
ntists [278 ]. Researchers can pose questions in
atural language and EarthLink interprets in-
ent, generates experimental plans, writes analy-
is code and synthesizes results into transparent
nd traceable research reports, such as evaluat-
ng the annual precipitation cycle in Asia (Fig. 9 ).
y learning from successful cases through a
ractice–learning–improvement cycle, EarthLink
ontinuously evolves to address increasingly com-
lex problems. Rather than replacing researchers,
t elevates their role from data processors to
trategic directors of inquiry, enabling them
o focus on hypothesis generation and creative
xploration. 

Looking ahead, the most powerful advances
ill come from integrating predictive models with
easoning agents. State-of-the-art forecasting sys-
ems, which already achieve remarkable accuracy,
an be coupled with agents such as EarthLink
o form a forecast-to-action framework in which
I not only predicts events, but also investigates
heir underlying drivers, evaluates potential im-
acts and proposes mitigation strategies. Such a
ynthesis would represent a profound step toward
ruly collaborative science, allowing humans and
achines to jointly confront the complex chal-
enges of a changing climate. 
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