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Abstract Recent advances in artificial intelligence (Al) technologies are broadly integrated
across all stages of climate prediction systems, driving significant innovations. Deep learning-
based weather prediction models are rapidly progressing worldwide, demonstrating perfor-
mance surpassing that of traditional numerical model-based integrated forecasting systems. In
ocean modeling, deep learning simultaneously learns local detailed structures and global ocean
configurations, precisely simulating complex ocean dynamics from mesoscale eddies to exten-
sive current patterns, thereby substantially enhancing prediction ability. For land surface model-
ing, deep learning adopts hybrid forms combined with physics-based approaches to more
accurately reproduce intricate land responses, with the integration of vegetation water stress
modules enabling realistic depictions of land-atmosphere interactions. In data assimilation, Al
contributions are prominent, where deep learning methods utilizing automatic differentiation,
diffusion models, and image restoration techniques offer superior computational efficiency and
expressiveness compared to conventional data assimilation approaches. Recent technologies like
Variational AutoEncoders and Score-based Diffusion effectively incorporate high-dimensional
nonlinear characteristics, continuously improving ocean and atmospheric initial field perfor-
mance. Various deep learning methods exhibit potential for high-resolution enhancement of cli-
mate prediction outputs, while deep learning-based generative models are primarily employed
for post-processing techniques to correct model biases. Beyond technical advances, Al-based
technologies provide a strategic pathway toward operational implementation and climate ser-
vices, enhancing both forecast accuracy and computational efficiency. Collectively, these devel-
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opments point toward an integrated, next-generation climate prediction framework that bridges
physical modeling, data-driven methods, and practical applications.

Key words: Al-based global weather forecasting, Al-based data assimilation, Al-based post-
processing, Al-based super-resolution, Al-based carbon cycle
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al., 2023; Lam et al., 2023). GraphCast= ZAA} %
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Table 1. Characteristics of Al-based atmospheric forecast models.
GraphCast Pangu-Weather FuXi GenCast
Architecture GNN 3DEST U-transformer Diffusion,
Graph-transformer
Horizontal resolution 0.25° 0.25° 0.25° 0.25°
Vertical resolution 37 13 13 13
Time interval 6-hour 6-hour 6-hour 12-hour
T2m, U10, V10, T2m, U10, V10,
Variables MSLP, Total T2m, U10, V10, T2m, U10, V10, MSLP, Total
precipitation, T, U, V, MSLP, T,U,V,Z,Q MSLP, T,U,V,Z RH precipitation, SST, T,
Z,QW U, V,Z,Q W
Inference time ~1 min/ 10 days 1.4s / 24 hours - 8 min / 15 days
Inference hardware TPU v4 V100 GPU A100 GPU TPU v5

Reference Bi et al. (2023)

Lam et al. (2023)

Chen et al. (2023) Price et al. (2025)
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Table 2. RMSE of Z500 are evaluated for the year 2020
against ERAS. The values are adopted from WeatherBench
2, with the bold numbers indicating the lowest RMSE.

Lead days 1 3 5 7 10
GraphCast 39 124 274 467 731
Pangu-Weather 44 133 294 501 778
FuXi 40 125 277 433 631
GenCast 39 123 262 420 606
IFS 42 135 304 521 801
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Diffusion solver steps

X7

Time
Fig. 1. Schematic diagram of the GenCast model based on a
diffusion model for probabilistic forecasting. The blue boxes
illustrate the denoising process from the initial noise (Zg),
conditioned on the input fields (X' and X®) at 12-hour
intervals. This process utilizes a neural network (ry).
Adopted from Fig. 1. in Price et al. (2025).
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Table 3. Key characteristics of the XiHe and WenHai global ocean deep learning prediction models.

XiHe WenHai
Architecture Patch-Transformer Swin-Transformer
Forecast 60 days (non-autoregressive) 5 days (autoregressive)

Horizontal resolution

1/12° (1,442 x 206)

1/12° (1,442 % 1,206)

Vertical resolution

23 levels (~5,500 m)

23 levels (~643 m)

Time interval 1 day

1 day

T, S, U/V current, SSH, SST,

T, S, U/V current, U10, V10

Variables Wind stress, Heat flux T2m, 2m dewpoint temperature, SLP
Train data GLORYS12, ERAS, OSTIA GLORYS12, ERA5S
Reference Wang et al. (2024) Cui et al. (2025)
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Fig. 2. Schematic diagram of the XiHe model architecture. The Ocean-Specific Transformer effectively learns ocean-dynamics-
specific representations by incorporating regional and global SIE modules along with ocean-land masking. Adopted from Fig. 1

in Wang et al. (2024).
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Fig. 3. Schematic diagram of the GLEAM4 model
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stress. The evaporative stress is derived using a hybrid
approach based on machine learning trained on eddy
covariance and sap flow observations. Adopted from Fig. 1
in Miralles et al. (2025).
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22.1 AT i) 9813 AHE 5 9499 7]
W A5 53

dede 283 2553

o7 vtk AAE, HEH
A

2, A5 vEs &8s H|E F HAH kel o
g AL g&H0T F33it} ol HEZHQ

4z
4 HE 2AEF53H4DVAR) =& Ak HjES Fol
3 Hg o] FHA S aHoE ol A

23& Eoh

4 571 dE AHe s vEg ol&s HA
13 R d(tangent linear model, TLM)3} FHtrdl
(adjoint model) 7|9t WA= A4ES 3 3}= 4DVAR
AAZS 7N e Hatfield et al., 2021). ©]S ZA| 74
W A 7Nk Ee] 28t ol EglolE el A8
8 2stel AsEste] T 7FeAds dsdth
g2 59y Her AT AEe 2k Pl 7IE HE
Feroh b 2dg E-83 4DVAR AJSHS o
HIAE o3 Ajxdol] 2Eate], AF2A AE53t
e wE A x99 w2 HYwo] NS AE
Gt (Fablet et al., 2021).

5d 717344 1542 3DVAR AEFIE A
de geld J Anss Zdd9a Alvas
A 2H3hTh(Keller and Potthast, 2024). ©] dFellxl= |
g A4S 283t 3DVARSY H|&EFE &4
SR AHYstal, S AN gYeR AL
ot E4EE AF FAH= AR =S (self-
supervised learning) 7+%5 FAJTL ol ALstE
I 2] BAGS HAH R AlFetA] i H4 &)
£ EE5HH, 59 FF A A 7 AT &
2HE Ao BAT) o|&2< JdHY 7Ihk ¥

Z

AR A S Al2glow &ds] 4853 At
=+ A3l g ] FengWu-4DVARE H5% 4DVAR
£ fAs A vEg HE §r HA e
Fdol| 288 A5FstE 79, A dv] =
7] 273 A& %S PFIAHTHFig. 4). =3
A& gJaod 7 AR A bS5 A 2"Q) FuXi
29 (Chen et al., 2023)° &8 7153 A553} A|A
2 F/HEATHFuXi-EndDVAR; Li et al., 2024). 24
FengWu-4DVAR®} FdatA A5 wliES HAst &
Al B Rk Eo)] Hgste] AEF3tE FHEAAL,
ol T, =& BIr EAEH A5 AHE A
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M] Ml

Fieldatt=t,+ |H

Fieldatt=1,

Fieldatt=1,+2H

EEERE R

Fieldat t=1t, + SH

L-BFGS

Updated Field att=t,

Obs 4 ‘ Obs 5
‘I Error at Error at
t=t +1H | t=1ty +4H t=1ty+5H
Increment at | Increment at Increment at Increment at Increment at \ Increment at
tm iy lt=ty+1H t=ty+2H t=to+3H t =ty +4H |t =ty +5H

M  : 1-hour FengWu forecast model
M3 : 3-hour FengWu forecast model

M, : 1-hour FengWu adjoint model, implemented by auto-differentiation

My: 3-hour FengWu adjoint model, implemented by auto-differentiation

Fig. 4. Schematic diagram of implementing 4DVar on the FengWu forecasting model (corresponding to one step optimization
at time ¢ = #). The temporal aggregation strategy is represented by M3 and M5 in the figure, enabling more direct and
efficient propagation of gradients. The auto-differentiation strategy is represented by My and M in the figure and is
automatically implemented by PyTorch, requiring no manual code writing. Adopted from Fig. 2 in Xiao et al. (2023).

R 54 fAsh M EA o xSt 5
Q JIHoeRE WHE QE 9 FUT(variational auto
encoder, VAE), 5= 7|8} E}k(score-based diffusion),
F2 5 7149 oJu|X] E-Y(image inpainting) 5-°|
AUTH VAE= AR w73 7-E Ak A 3-7H(latent
space)0. & YFal SHES FEFo, w5 AEE H
Al FNA E3leE F EAS SLdT (Mack et
al., 2020; Peyron et al., 2021; Melinc and Zaplotnik,
2024). o= Azt mdE A B] &S Foln 3}
d tolge] &8 S EHFoR fXA g} AE
A5 sllA HA T dEe ggd ALtk v)E
< =o)7] 918l vhgs EE 7ol A8E Axd
o] 9t At AE S o] &k WA frAtsith
SEARE 7HAIQE 7H ol ZIRket AE 2ALE F3l )
olele] &S RH3= AT A=F3e 22 VAE
= B39 B7ReAISE 2 HAPAES SRR &2
AR 4= Qo ARl sl

ek H 7Rk Et mdl S E8-3 Ak 553) AT
7 H &dsiAl e E AL /AT o]= VAE 7]k A
A e B8 AEEHE A3Ee FHo| ALY

F2714483 ol7] A35E 45 (2025)

A& A7 *(generative adversarial network, GAN)
ojvf g4t mdl 5o thE Y deEd 7ol H
3 Wi SHAE ddsr] g e E dEA
Th(Pandey et al., 2022). &4 2de 48 AR5 & 4
T X8 HE2= % F(noising processyS A
29 dHo s v ¥, O o d"eRiY 2O ¢
T FHE 7o R e &A% E B Fee
AXoR AAHAA dE A5 &E EEXE HY
Fo T MEEs AEE AES At W olth(Ho
et al., 2020). W7ol gloF= ths} A&l = score-
based data assimilation (SDA) BH& &< H4 4t
24 7ute] 2553k Al ="S sk th(Rozet and
Louppe, 2023). Lorenz 293} Navier-Stokes 7]%F &
7 29 o835t Abd gt mdl S FE5E H, F
E A FF A5E T3 o S FR o
gt 277 A5 5 VMo R e &4 IE
Aejste] B 250 &F Fx7HA Huistshs 2
IE ks WA 0 AREsE gttt NVIDIA
= SDAE IEIE 71 Bl 2435l vat BE
A4 AF ARE FEFoEN 1 aHE AR

el 7|



e B S X R b AR By =
TH(Manshausen et al., 2024). SDAES %3 a4 #=
Ztze] Hido] B HolEdA FdE= &8 +F
< BESA, 58] Y EAS M9 F IS
Bt i mde FAE2H u]E ®g 2 (stochastic
differential equation)®l]l 7|RkE Fof WFE 27139

Fr7} 7hsetthe Foll 2tste] 5= ZAFsIA]
o, S YHE 2ZY E(ensemble spread)E B
ke 2718 e A7 &S Wtk v 9
AY dEE SDAR olgald FHE S T
(eddy-resolving scale) %% ¥ 7142 F4317]
el L S A ARE L85t 94 7]
s #F A5 E F3lele A12"(GenDA)S Tl
W) THMartin et al., 2025). ©] AFoAE AEH =
253} Wl #4 WA (optimal interpolation)e] 1}
39 7IRk Held 2del Bls] SDAC] Aol -+
< B3k gt mdS o] &3 AEE3E 9Al VAE
A dleole o] B3k H7heARE £ B v g
< 5 T deH, 35 A deARl ds
AgFstet 2] 205 A g 7 Fre HE
o] A5 At glol® A5 AR E w7 gl v

A=}

g3l A S T, A5
a2 I9uts

Z-3H(Liu et al., 2018; Yu et al., 2019). tj
Ho 2= FE ¥ (partial convolution)} Al
“d & (gated convolution)] AT} 5L 71% 7
AE = 2 F4aS o83 CMIP5 (Coupled
Model Intercomparison Project Phase 5) Hl°|EHE g
&, dSHA & 45 A9 AAT s 2%
E A th(Kadow et al., 2020). °]& A= ¥ 7}
A171¢] A5 oy E s EAGCE A+
ste] 2253t 2945 JSIdvh Aevidta g
o AFEHE i @A 7N onR] B9 Vs
I GAN EE-g 283 Azl AALERK(time-forward
operator)& &3t 32 AA T Y = AEA
o] 7bed AEE3s Al&EHE NEth(Ham et al.,
2024). o|vA] H4 71&o] 82 iR S5 dlo]
H7t 8754, 8k dlolEel ek o|E%7} Asith
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#=5 dlolElE s3hal 7] s Fgstal g4 o
=5 @ 7k A]2H"o|th(Zhao et al., 2024).
Swin Transformer 7%t 2553} £ S (assimilating
block)y> B35 #5 HolHE AT oF 2Y
o] w7 Fgste] AAst € 27 = Sl
T} o]% AFNO 7|8t & E5& B3l 45 79
Elg=

F= BB A tge] Aardvark Weather= T 2
Z dlo]E|E F8lsl= Vision Transformer 71RF
7+ @A o& A 2d"o|th(Allen et al., 2025). ©] Al
A= A 92 JRE &8 - WA 8l

N
()
[o
ox
oX,
o,

[o 22 [» i

Z
= F 35285 et A5EsE Sal
H8E A7 i (feed-forward neural
network) 2 2 o3t} gy 7w T 7F R
IAE dY PAE aFsHA] of AT RE
gt AZ dlolH & A flo] At A=
Huto g FM% Ee AR dHolHE Hs
stes sk, Wi R Qlo]l HEH %7
< Ag3ith ole AHF WA JulolEE Al A
TZ2E desistal ALt 288 B A7 dE9
frel stk

AL oxl oX e

23 Al 718t J1%0iE S2E T

23.1 Al 7|¥ AR »AY

71& 715 & BA M= FAIAR 7] empirical
orthogonal function (Danforth et al., 2007), singular
value decomposition (SVD; Ward and Navarra, 1997),
anomaly numerical correction with observations (ANO;
Qian, 2012; Peng et al., 2013), quantile mapping (QM;
Ines and Hansen, 2006)°] =2 A=t QM2 4
=33 BEge) FA BE @4 vje) gde
2 BASAY, FUH BASHt AFY 2
L7 ®HAd= A ATHDéEqué, 2007; Thrasher et
al,, 2012).

golg 38 MO Z random forest (Li et al.,
2019), lightGBM (Zhong et al., 2021), support vector
machines (Pour et al., 2018) 5 HAlEYd 7|¥e] H
o B0 ZEENoY, 9 A e @Y W
SHoR I AEAH AAlE A
g skA] gt

olfgt IAIE SHSILA H2 Held 7Nk A
7} &5, convolutional long short-term memory
(Shi et al, 2015), gated recurrent unit (Guo et al.,
2020), CNN (Tao et al., 2016; Lebedev et al., 2019;
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o
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AT
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Fig. 5. Schematic diagram of the CycleGAN model. Two generator-discriminator pairs learn to translate samples from the ESM
simulations to the ERAS reanalysis (grey) and vice versa (yellow). Training the two generators to learn inverse mappings of

each other

allows cycle consistency to be enforced

in the translation of the unpaired samples, that is,

x — G(x) = F(G(x)) = x ~ x, and vice versa for y. Adopted from Fig. 1 in Hess et al. (2022).

Han et al, 2020) ¥ #H7FH HA 2ok9] image-to-
Image translation 7|} o] =UE T Ut} o] md&
HIAE Al 3 Ae-s ksl 71 B 71 e
FAE SHEsH £ o5 Aewet dvtst Hss
R o] FtH(Frangois et al., 2021; Han et al., 2021; Kim
et al., 2021; Pan et al.,, 2021; Hess et al., 2022; Ling
et al., 2022).

U-Net A=} 7]Rke] 37k g g2 o= 3)
& 9o, 718 A& 2 I )t
2 ARET Lyu et al. (2023)S H5= 23 7
22 9ol A5 2 B Oy] MRES, L,
FE 5 dHe® & UNet 37 2dS At
Han et al. (2021)& ECMWF ©7]-57] o 5 (24~240
A7hE BA3H7] 98l ERAS &= tlo|Ee} oS3k
S YHOo =2 AESE CUNet2 /M, 2%, 5%, F
&, o] A7 710 WS WA F AFE U-
Nete| 37+ €l B9l 5802 B 719 thy] 5

tlolg 7k A #5008 AwdF 8ol oyt
olH g FolA AP A AHH(GANYS =
® EEE SHFOE ZAet] AAA AES A
A 7] w2, Ax HelyrF FEeA %
< o]FA & HeolE M E &3 &&=
% At} 53] Cycle-Consistent GAN (CycleGAN)
Aol gle dlolEl g&s il EE EXE AN
), o7tE HEAdd FE 7HEAS BARE] CNN

719k mdlo]l B ¥ (blurring) wAE ¢3St
CycleGANS 33 ®ist gxo= dad HAYS
S35, sub-grid scale 253}, thoAAYY, 714
A7 BA S-gAthkFig. 5). Hess et al. (2022)&
CycleGAN®| HA|F+ 74 T BE AlokS 2830
A A 228 2 e (CM2Me-LPImL) 2] 7S A 24
dlol8 Aol Al 74, double ITCZ A7 AIA,
A Hmsh aFg 3k 72 e QM H
CMIP6 (GFDL-ESM4) th¥] $-43F &S 2t}
Yang et al. (2025)% CycleGANS.E NUIST-CFS 1.0
nde] F=F P AJ5H(6-8Y) g S B4,
=38 o] RE, Ax, AHAIE dSFe4 QM
H| 8 A3E 2y
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= FAIg sl =& Zh= implicit neural representation
(INR) 7]®Ho] FE9Fkth(Sitzmann et al., 2020). INR
g 2EQ vE JEYI} 91X JHE

dE o2 3= multi-layer perceptron (MLP)Z 43
"ok o5 G ATFA 2okl FEHA e &

MLP 7]4WFe] implicit neural representation learning
with prior embedding (NERP) 7]%(Shen et al., 2022),
StyleGAN 7149+ w5 Y| Eg]=o] 7]9kgh Poly-INR 7]

Discrete data X

Al - o] @ - o)l - At 595
9 (Singh et al,, 2023) ©] 3lom, H= it wd 7]
¥ INR 71%o] /s 3 Qik(Park et al, 2024; Fig.
6). INRS o}2] 715 dlo]E FHA #&H AlE
glovt, ZAE sdee] HolHE 44T = doke
Filo] ol A&HQl A7 7HA7F A

2.4 Al 7|8t MX| EtApdia

24.1 Al 7|6k AR SeLRdY

AFAEHRE ] GAZEA MFes 52 594
Az Y 7+ & zpo]Z HOItHHu et al., 2022). A
A e WA S dAZY s Gris 9§ B
tlole] 817} A"tk Yuan et al., 2014). °]o)] u}
g WAl 7 §AEs 4 Ayrp Eds] 113
Hu, EHOE FLUXCOM ZEAE7} th(Jung
et al,, 2019; Nelson et al., 2024). FLUXCOM-S A A 7|
Y2 gReA FHE @8 B35 A5, d4GAF A
B, 7135, dY ZY2E, /SN 2 extreme
gradient boosting (XGBoost) 5°] #Aled daels
of SIFAIA BAZYEE FHSIL o] ZRAEES
B3l TN E B A A g e gaE
g2t A7 vHSE A9 X3 JAFE AR
2 AFHr} o] HolHe AFALHREY A H7t
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284 de & 76 dolE &3 7, 9
Y3 28] 7hk 2dg AeE slo|HeE]l= 2 ¥(Tao
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Fig. 6. Schematic diagram of the Domain-agnostic latent diffusion models (DDMI) architecture. Discrete data x and continuous
function @ are connected in the shared latent space z (D2C-VAE). The decoder generates Hierarchically-decomposed basis
fields (HDBFs) given latent variables z. The MLP returns the signal value for queried coordinate ¢ using the Coase-to-Fine
Conditioning method. Latent diffusion model operates on the shared latent space. Adopted from Fig. 2 in Park et al. (2024).
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BECXINEIROLS (MCDI5AH) (MOD/MYD09A1)
} ¥ ¥
GPP, SW,, PPFD, o « 7-bands SR
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contribution

Fig. 7. Schematic diagram of the hybrid model for gross primary productivity (GPP) estimation. This model employs the
differential evolution algorithm (BEPS-DE) to back-calculate the optimal daily maximum carboxylation efficiency. These back-
calculated values then serve as the true (reference) values for a deep neural network (DNN), which is trained to estimate this
optimal efficiency using MODIS surface reflectance as input. Finally, the DNN's estimated maximum carboxylation efficiency
is integrated as a parameter into a process-based model, significantly enhancing the accuracy of GPP estimations. Adopted from

Fig. 1 in Hu et al. (2024).

et al., 2020; Hu et al., 2024; Son et al., 2024; Xu et
al., 2025) 2 2]4] 7]¥H(knowledge-guided) H&1'd (e.g.,
Liu et al,, 2024) 7%= EE3ITh Hu et al. (2024)
& A% A7 (deep neural network, DNN)E &-&
3 &2 7]97d 2.3 (boreal ecosystems productivity
simulator, BEPS)S] &4l w740l Hj7l2E4g
& MNA, YA L (gross primary productivity,
GPP) 9= A%5-S & A tHFig. 7). Xu et al. (2025)
2 A=A 5)s} JrslE 4173 (biogeochemistry-informed
neural network, BINN)2 %3] Community Land
Model versionS (CLMS5)2] A=|3}s} w745 54,
EYS e ARTFS dSsie 71 wolARt F
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SARE F89) A ofHrhe WS 5]
S8, AP WY % TS Beel Belw
Fo) kg Hmsbl weksaAl Ak
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d=714eks t7] A35T 4% (2025)

o7 A3 slolBg= 2dE i, FLUXNET 4]
OlE|2 GPPS} AJElA] E-5 (ecosystem respiration, Re)
d& HE=E =9 vl B84 A|efo] kgt 417
W T2 544, 2o 35 AR HA=sHA A%
siAV oy ey xgo] FUI FYHS vtee
A3 2 5434 (equifinality) A 7F X4 = ATk
Cohrs et al. (2024)= ©]% 71485 (double machine
learning) S  F3 <TAEI A FHF(net ecosystem
exchange, NEE)S GPPS} R .2 F¥ o=z E
o] NEE°| "IA= <=rd 3 a2 &3] 14
stal FAFo RN, AR WIS Fon =Y
o] a4 7 AEAEES Adskelh

2.4.2 Al 718t AR T S garwdy

>
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¥ >

GF o], siedEe], W
= =5 9 A 7 87
2 ARE3H, BF pCOo,2ke] TAA &
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(Landschiitzer et al., 2014; Gregor et al., 2019). feed
forward network (FFNN)3 A3 E ¥E 3] (support
vector regression, SVR), ZTIHE F-2El(gradient
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(Rodenbeck et al., 2013; Friedlingstein et al., 2022).
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(Liitjens et al., 2021; de Wolff et al., 2021). ©]+= Al
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