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Al Foundation Model: Any model that is trained on broad data (generally using self-supervision
at scale) that can be adapted (e.g., fine-tuned) to a wide range of downstream tasks.
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Earth Foundation Model

Type

Definition

Earth
Observation

Process and analyze data collected from Earth observation systems, such as
satellites, radios, and ground-based sensors.

Weather

Predict short- to medium-term weather conditions based on atmospheric data.
These models use meteorological data, including historical weather records and
real-time observations, to forecast weather patterns and extreme weather events,
providing essential information for weather prediction and nowcasting.

Climate

Aim at projecting long-term climate trends and changes based on historical and
simulated climate data. These models integrate various data sources, including
climate model outputs and historical climate records, to predict future climate
scenarios and inform policy and planning for climate change mitigation and
adaptation.




Recent Weather and Climate Foundation Models

Model Temporal Spatial Model Size Training
Architecture |[Model Year Affiliation |Resolution [|Time Span |Resolution |@# params) [Cluster Size |Time
GNN GraphCast 2022.12 |Google 6 hrs 10 days 0.25° 36.7TM 32 TPUv4 |28 days
FourCastNet |2022.02 |NVIDIA 6 hrs 8.3 days 0.25° 433M—-2.19B |64 A100 0.7 days
Pangu 2022.11 |Huawei 1 hr 7 days 0.25° 256M 192 V100 15 days
ClimaX 2023.01 [Microsoft 6 hrs 30 days 0.25° 108-111M 80 V100 3 days
FengWu 2023.04 |Shanghai Al |6 hrs 14 days 0.25° 427TM 32 A100 17 days
W-MAE 2023.04 |Chengdu 6 hrs 16 days 0.25° 96.56M 8 A800 9.3 days
FuXi 2023.06 |Fudan 6 hrs 15 days 0.25° 1.56B 8 A100 1.5 days
Transformer
Stormer 2023.12 |UCLA 6 hrs 10 days 1.4° 100-600M (128 A100 1 day
Egr{g\ivu' 2023.12 |Shanghai AT |6 hrs 10 days 0.25° 427M 32 A100 17 days
FengWu-GHR [2024.01 |Shanghai Al |6 hrs 10 days 0.09° 4B 16 A100 3 days
CaFA 2024.05 |CMU 6 hrs 7 days 1.5° 200 M 4 A6000 7 days
AUORA 2024.05 |Microsoft 6 hrs 10 days 0.25° 1.3B 32 A100 17 days
SEEDs 2023.06 |Google N/A 16 days 2° 114M 16 TPU v4 |0.75 days
Diffusion
GenCast 2023.12 |Google 12 hrs 15 days 1° 60M 32TPU v4 |5 days
lefg’éeﬁ“al NeuralGCM  [2023.11 |Google 3.75-12 mins |10 days 0.7-2.8° 115-311M 128 TPU v5e |10 days

Note: Please see the last page for the related publication list




Recent Weather and Climate Foundation Models

. Pushes skillful global medium-range The first GCM combining a A factorized-attention-based model
ML models that tit : | :
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methods lead time. dynamics with machine learning reducing the quadratic complexity
ML can be trained usin components. . i i
l d g The first AI model running at of attention to linear
First AI Weather di eterogenefné)sl atasetiv “;p annimng / Uses cascade machine learning to 0.09° horizontal resolution,
Foundation Model ifferent variables, P atia _temp ora extend skillful global medium-rang coarse-resolution models
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Demonstrates the physics-based model A probabilistic weather tuned for specific
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of mmp lementZ{agp re and speed than the top
training techniques in operational medium-
weather forecasting

Key Features: range weather forecasts.

» Al models have demonstrated the potential to surpass traditional numerical physical models in
accuracy while achieving several orders of magnitude increases in speed.

» Al models have been shown to successfully integrate with data assimilation techniques.

» Al models can handle heterogeneous datasets, including observations, simulations, and

reanalysis datasets.



Unified Framework for Whole Atmosphere Model
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Downstream Task

CAM-NET
EOFM
Data Assimilation
Specify Dataset Configure CAMNet
CAMNet.dataset. CGCAM CAMNet.model. AFNO
CAMNet.dataset.SAM CAMNet.model. FNO
CAMNet.dataset.OtherDataSets CAMNet.model. WNO

{CAMNet.tesq [CAMNet.train} [CAMNet.compileJ




Get Started with CAM-NET Using Just a Few Lines
of Code

import os
import torch

import camnet Step 1: Import CAM-NET package

torch.cuda.set_device(0)
device = torch.device("cuda")

data_path = "/home/datasets/CGCAM.mat" Step 2: Load training datasets

train_loader, test_loader = camnet.datasets.cgcam(data_path, batch_size = 10, T_in = 10, T out = 40,
type ="le-3",sub=1)

=50;0=20m=12 . . .
°P 0 " Step 3: Configure model architecture and architecture parameters

camnet_model = camnet.model.fourier(backbone = "FNO2d", o =0, m = m, t_in = 10, device = device)
camnet_model.compile()

Step 4: Configure training parameters and start training
camnet_model.opt_init('Adam", Ir = 0.001, step_size=100, gamma=0.5)
camnet_model.train(epochs=ep, trainloader = train_loader, evalloader = test_loader)

time_error = camnet_model.test(test_loader, path = fig_path, is_save = True, is_plot = True)

Step 5: Test Outputs



CAM-NET.AFNO

] Decoder

. f

Channel Mixing

' Spatial Mixing

I f

Patch and Position Embedding

Transformer

I ® | n | ] | n n — n | n
p ‘1 ‘,1
p t
Input: Ulx, z, 7)

h

[ ‘

NS hma&&a

—

— 1 Qutput: Ul z, £+1)_

CAM-NET Backbone

Input variables

p
p Part 7 Dv, [ DQ DU Navier-Stokes '% %
Equations 5 9
Y g a
. . . m
:hfferentlatu;n
+
-, Pgt 1 Part 6 @
— s ., B _[AFNO\_/AFNO AFNO\., § 3
J é_‘ Outputlq Outputlty Outputl’’ & 8

h
=
m\‘— ST T
n}«ihuhhﬁn&iw
w
—

Head 1

Head 2

Part 2:F Part 3:R ———» Part4:F1
] \/

\ Part 5:C ﬂ

Part3.fR—f—> Part 4: F 1

Part 5:C

F  Fourier transform

R linear transform
inverse Fourier transform
C  convolutional layer

derivative operator

Parts 5 and 7 represent improvements
made to the original AFNO.
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Example: Highly-Nonlinear Wave Dynamics

a) MW & SGW response

b) KHI responses
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Example: WACCM-X and CAM-NET for Surface Variables: A Demo
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Future Development

» Train CAM-NET on WACCM-X (+DART)
Simulation Data

» Develop Mixture-of-Experts for Downstream
Tasks

> Integrate JEDI+ AI Models for Data
Assimilation

Use simulation data from WACCM-XH+DART) to
train the CAM-NET model.

Implement Mixture-of-Experts models using
techniques such as LORA (Low-Rank Adaptation),
feature extraction, or other fine-tuning methods to

enhance performance on specific downstream
tasks.

Develop and integrate JEDI with AI models to
enable advanced data assimilation features in Al
foundation models.
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