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Abstract The rapid advancement of artificial intelligence technologies has led to the develop-
ment of numerous atmospheric general circulation models (AGCMSs) based on artificial neural
networks within the past two to three years. NVIDIA’s FourCastNet introduced Operator Learn-
ing techniques, leveraging AFNO and SFNO, while Huawei Cloud’s Pangu-Weather presented a
conceptually robust approach with 3DEST capable of processing three-dimensional data directly
and implemented a hierarchical temporal aggregation technique through independent training at
distinct temporal intervals. Google DeepMind’s GraphCast, employing the next-generation
GNN, maintained spatial and vertical resolution parity with ERAS, while the Shanghai Al Labo-
ratory’s FengWu model enhanced long-term prediction performance through variable-specific
independent processing tailored to atmospheric variable characteristics. Microsoft’s ClimaX
stands as an integrated model capable of both short- and long-term forecasting as well as cli-
mate prediction, with applications spanning global, regional, and high-resolution domains. FuXi,
developed by Fudan University in China, achieved leading performance in extended-range fore-
casting, reaching up to 15 days, by independently handling prediction in three segments: 0~35,
5~10, and 10~15 days. Lastly, ECMWEF’s AIFS incorporates an attention-based GNN by merg-
ing the characteristics of GraphCast’s GNN with Transformers. Remarkably, the predictive capa-
bilities of these models either match or surpass those of ECMWEF’s physics-based numerical
model IFS, while significantly reducing resource consumption and computational time. This
study presents a comparative analysis of these Al-driven AGCMs, examining their predictive
capabilities, neural network architectures, and data characteristics. The analysis aims to illumi-
nate development trajectories for Al-based prediction models in meteorological and climatologi-
cal applications.
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& = o dE 59, +%8417d H(recurrent neural
network; RNN)3 $Hd 3417 ®(convolutional neural
network; CNN), graph neural network (GNN),
Transformer, 2t & 34 4174 W (generative adversarial
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o|HE A dtl A 2-3d 3 Al 7|&] F43%
Ao g A AR oY JAFATE 7SR
dEo] FAsATHFig. 1). ol¥d RdEL uliE
Transformer$} GNN 52 7|W1o 2 3l 9lom 9
%7]d| R ANE] (european centre for medium-range weather
forecasts; ECMWF)2] X124l 7|4t F3o RA| 2 H)
(integrated forecast system; IFS)Z} 553} X} 5
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Fig. 1. Trends in the development of global atmospheric general circulation neural network models. The models summarized

here are marked with orange dots and bold text.
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I FHHe 7Hz 2459 T FourCastNet2 WA 1
(Pathak et al., 2022)2} W= 2 (Bonev et al., 2023)Z
o] EAS B399, Pangu-Weather (Bi et
al., 2022, 2023), GraphCast (Lam et al., 2022, 2023),
FengWu (Chen et al., 2023a), ClimaX (Nguyen et al.,
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2.1 FourCastNet version 1

FourCastNet “Fourier foreCasting Neural Network”
o] ¢RIZ, version 12 -5 Flo] Al ArA}
(AFNO)$} 8 Vision Transformer (ViT; Dosovitskiy
et al, 2020) oA E Alg3te A= AR+
7174 o= ZEdo|th(Pathak et al, 2022). ] Rd&
0255 B SRR w7 2 7] o=S Faa
Agshs RS EXZ 3t} FourCastNet2] 7l o]f
2 A5ZH £ JENWP) 2de] At Bz}

F 25 265

(b) AFNO

Fig. 2. Qualitative comparison of temperature predictions
(t850) over Antarctica at 4380 h (730 autoregressive steps).
The SFNO shows no visible artifacts even after six-month-
long rollouts. Models which use FFT and do not incorporate
spherical geometry are not stable for long rollouts compared
to SFNO. The AFNO model breaks down early and shows
large visible artifacts everywhere. In the non-linear FNO
model, artifacts are less pronounced but increase in
magnitude with time and towards the poles. Adapted from
Fig. 1 in Boneyv et al. (2023).

WAld AgS F5s17] f18 Asld=e] dolg 7]
Wb mdo] g gaitial gt 7159 NWPSH 2,
FourCastNet2 33t A4S o8& AlFdtHA=
ECMWF?| &% o& AIASF(IFS)H 22 AT =
dof] A sh= HeAS A5tk (Pathak et al., 2022).
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model; Fig. 2d)7F Z3=]o] At 24 AyA3]4 5
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2.2 FourCastNet version 2
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A 1A]7Fe] A Q(Bauer et al., 2020)%]= ECMWF
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Figure 2914 712 AFNO, FFT 7|4t FNO, 28]
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33l 2lth. AFNOS} FFT 719k FNOE 6719 o]/
2713819 dEFelA & AFF S BAFE v,
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2.3 Pangu-Weather
Bi et al. (2022, 2023)%4]+= Pangu-Weather®]2l+=
Al 719ke] ST F2H 71 oS A 2EE )

(a)
T: . 3D Earth-specific transformation
. £ 2x4 x4 . 2x4 x4
<1 atch h
0% empbe dding . layer 1 layer 4 patc
0 & Earth-specific . Earth-specific il
2 ' Merge block x 2 block x 2 Split
0= (8x360x181xC) (8x360x181xC)
Upper-air variables Upper-air variables
(13%x1,440x721%5) Down—sampling Up-sampﬁng (13%1,440x721x5)
0% - - layer 2 layer 3 -
2 4 x: - Earth-specific Earth-specific - 4 Xf;
10 E patc —_— patc -
4 - embedding . block x 6 block x 6 - recovery
0 %’_ _—_ ! (8x180x91x2C) (8x180x91x2C) - S -
%9 - oy Encoder (c=192) Decoder S -
202 surface variables
(1,440x721x4) Surface variables
. . . 1,440x721x4;
Hierarchical temporal aggregation ( X721x4)
(b)
Trained models [FM24 | [ Fm6 | | FM3 | | Fm1 |

(Forcast time : 56h.)

Input : initial > d > > »| Output : predicted
reanalysis data, A B reanalysis data, Asg

Fig. 3. Network training and inference strategies. (a) 3DEST architecture. Based on the standard encoder-decoder design of
vision transformers, they adjusted the shifted-window mechanism19 and applied an Earth-specific positional bias. (b)
Hierarchical temporal aggregation. Once given a lead time, they used a greedy algorithm to perform forecasting with as few
steps as possible. They use FM1, FM3, FM6 and FM24 to indicate the forecast models with lead times being 1 h, 3 h, 6h or
24 h, respectively. A, is the input weather state and A, denotes the predicted weather state at time t (in hours). Adapted from
Fig. 1 in Bi et al. (2023).
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2.4 GraphCast
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(a) Inpur weather state (b) Predlct the next state (c) Roll outa forecast

Fig. 4. Model schematic. (a) The input weather state(s) are defined on a 0.25° latitude-longitude grid comprising a total of 721
x 1440 = 1,038,240 points. Yellow layers in the close-up pop-out window represent the five surface variables, and blue layers
represent the six atmospheric variables that are repeated at 37 pressure levels (5 + 6 x 37 = 227 variables per point in total),
resulting in a state representation of 235,680,480 values. (b) GraphCast predicts the next state of the weather on the grid. (c) A
forecast is made by iteratively applying GraphCast (GC) to each previous predicted state, to produce a sequence of states that
represent the weather at successive lead times. (d) The encoder component of the GraphCast architecture maps local regions of
the input (green boxes) into nodes of the multimesh graph representation (green, upward arrows that terminate in the green-blue
node). (e) The processor component updates each multimesh node using learned message-passing (heavy blue arrows that
terminate at a node). (f) The decoder component maps the processed multimesh features (purple nodes) back onto the grid
representation (red, downward arrows that terminate at a red box). (g) The multimesh is derived from icosahedral meshes of
increasing resolution, from the base mesh (MO0, 12 nodes) to the finest resolution (M6, 40,962 nodes), which has uniform
resolution across the globe. It contains the set of nodes from M6 and all the edges from MO to M6. The learned message-
passing over the different meshes’ edges happens simultaneously, so that each node is updated by all of its incoming edges.
[The Earth texture in the figure is used under CC BY 4.0 from https://www.solarsystemscope.com/textures/]. Adapted from Fig.
1 in Lam et al. (2022).
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Fig. 5. Overview of FengWu’s architecture. FengWu first treats the multiple weather factors as different modalities and extracts
their feature embeddings independently. And then a transformer-based network is utilized to fuse and pass messages among
different modalities. Finally, the high-level feature representation is used to get the predictors via the modal-customized

decoder. Adapted from Fig. 2 in Chen et al. (2023a).
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Fig. 6. ClimaX is built as a foundation model for any weather and climate modeling task. On the weather front, these tasks
include standard forecasting tasks for various lead-time horizons at various resolutions, both globally or regionally. On the
climate front, making long term projections and obtaining downscaling results from lower resolution model outputs are standard

tasks. Adapted from Fig. 1 in Nguyen et al. (2023).
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Fig. 7. Overall architecture of FuXi model. (a) The FuXi model consists of three components: cube embedding, U-Transformer,
and fully connected (FC) layer; (b) FuXi-Short, FuXi-Medium, and FuXi-Long models cascade and produce 15-day forecasts,
with each model generating 5 days forecasts. Adapted from Fig. 5 in Chen et al. (2023b).
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Table 1. Characteristics of global atmospheric general circulation neural network models

Model
FourCastNet Pangu-Weather GraphCast FengWu ClimaX FuXi AIFS IFS
Feature
Company NVIDIA Huawei Google DeepMind Shanghai Al Lab. Microsoft Fudan Univ. ECMWEF ECMWF
Model Source (0] A A A (0] (0] X -
Checkpoint (0] (0] (0] (0] (0] (0] X -
NN Model AFNO, SFNO Swin-TF, 3DEST GNN Cross-modal TF ViT U-Transformer Att-GNN NWP
Forecast 7 days 7 days or longer 10 days 10 days day, mon, yr 5, 10, 15 days 10 days 10 days
Horizontal ~ 0.25° (720 x 1440) 0.25° (721 x 1440) 0.25° (721 x 1440) 0.25° (721 x 1440)  5.625° (32 x 64),  0.25° (721 x 1440) 1°->0.25° 9 km (HRES)
Resolution 8 x 8 patch 4 x 4 patch multi-mesh 1.40625° (128 x 256) (721 x 1440)
Vertical 13 press levs 13, 37 press 13, 37 press
Resolution 4 press levels +1 surface lovels lovels 7 press levels 13 press levels 13 press levels 137 levels
Time interval 6 hr 1, 3, 6,24 hrs 6 hr 6 hr G, 5.7 6hr 6hr 1 hr
2w, I m
. t2m,mslp,pc, t2m, uv10, mslp, z,pc,t2m,uv10, t2m, uvl10, t2m,uv10,lsm, Z, 1,0V, tp, Z,t,u,V,W,1,p,
Variables *
t,u,v t,Z,1,u,V mslp,rad, tzquvw mslp, t,z,r,u,v t,2,Q,5,U,V msl, ... t2m, uvlo, ...
# of variables 26 69 227 189 48 70 (=13*5+5) 92 (=13*6+14) > 1380
Trained data ERAS ERAS ERAS ERAS CMIP6, ERAS ERAS ERAS, HRES -
References Pathak et al. (2022) Bi et al., Lam et al., Chen et al. Nguyen et al. Chen et al. Lang et al. _
Bonev et al. (2023) (2022, 2023) (2022, 2023) (2023a) (2023) (2023b) (2024)
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