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Al for tailored predictions
[e.g. single learning tasks]

Machine Learning .

- NOAA Product 2

3

RN

' ° ' o~y o
.
CSU-MLP coverage -y
5%: 0.050 -] [[sPC coverage
15%: 0.321 A SN I PR
30%: 0.831 b BSS: 0.3253 30%: 0.889
T | ]
——
0.05 015

B55: 0.2724
[ I |
0.00 0.05 015 0.30 0.45 0,60 1.00 0.00 0.30 0.45 0.60 1.00

probability probability

Severe Hazards Forecasts
e.g. Lagerquist et al. (2020); McGovern et al. (2023); Vonich & Hakim (2024);  Hill et al. (2023)




Al for tailored predictions

[e.g. single learning tasks] 3500
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Al for post-processing
[e.g. corrections, compression, downscaling]

Downscaling Weather & Climate Data
e.g. Watt & Mansfield (2024); Schmude et al. (2024); van der Meer et al. (2023);
Lopez- Gomez et al. (2024)



Al for tailored predictions
[e.g. single learning tasks]

Al for post-processing
[e.g. corrections, compression, downscaling]

Al to improve physics-based models
[e.g. parameterizations]

Testing region Training region

Improve Model Parameterizations

e.g. Rasp et al. (2018; PNAS); Schneider et al. (2017; GRL); O’Gorman and Dwyer (2018);
Beucler et al. (2020; PRL); Dagon et al. (2020); Brenowitz and Bretherton (2018)



Al for tailored predictions
[e.g. single learning tasks]

Al for post-processing
[e.g. corrections, compression, downscaling]

Hybrid (physics + ML) ESMs

Al to improve physics-based models
[e.g. parameterizations] Earth

observations

Merging observations and model data to reach
the end user [e.g. fine tuning, data assimilation]
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Kilometre-scale
climate models

LES
DNS

Observations Integration & Fine-Tuning

e.g. Ham et al. (2019); Barnes et al. (2024); Mayer et al. (2024); Immorlano et al. (2024);
adapted from Eyring et al. (2024)



Al for tailored predictions
[e.g. single learning tasks]

Al for post-processing
[e.g. corrections, compression, downscaling]

Al to improve physics-based models
[e.g. parameterizations]

Merging observations and model data to reach the
end user [e.g. fine tuning, data assimilation]

Deep-learning weather/climate emulators
and foundation models [e.g. GraphCast, Aurora,
ACE2, DLESyM]

2024

Watt-Meyer et al. [preprint]: ACE2

Ling et al. [preprint]: FenguWu-W2S

Schreck et al. [preprint]: WxFormer

Guan et al. [preprint]: LUCIE

Gong et al. [preprint]: WeatherFormer

Cresswroraell-Clay et al. [preprint]: DLESyM

Schmude et al. [preprint]: Prithvi WxC

Basetti et al. [preprint]: DIffESM

Chattopadhyay et al.: OceanNet

Zhong et al. [preprint]: FuXi 2.0

Flora & Potvin [preprint]: WoFSCast

Met Office Press Office [blog]: FastNet [link not stable]

Zhong et al. [preprint]: FuXi-ENS

Wang et al. [preprint]: CAS-Canglong

Sun et al. [preprint]: FuXi Weather

Pathak et al. [blog]: StormCast

Chen et al.: FuXi

McNally et al. [preprint]: ECMWF transformer for data-driven weather forecasts
Fuchs et al.: TorchClim

Kochkov et al.: NeuralGCM

Addison et al. [preprint]: CPMGEM

Meuer et al. [preprint]: Latent Diffusion Models for Generating Ensembles

Cachay et al. [preprint]: Emulation of a Global Climate Model with Spherical DYffusion
Wang et al. [preprint]: Ola

Lang et al. [preprint]: ECMWF AIFS|

Couiaron et al. [preprint]: ArchesWeather

Bodnar et al. [preprint]: Aurora

Li et al. [preprint]: CaFA

Gan et al. [preprint]: ENMoE
Willard et al. [preprint]: Swinv:
Willard et al. [preprint]: “Largd
Verma et al.: CliMODE
Li et al.: Generative emulatio
Vaughan et al. [preprint]: Aard
Cheon et al. [preprint]: KARIN
Ramavajjala [preprint]: HEAL-|
Windborne [blog]: WindBorne
Han et al. [preprint]: FengWu-,

2018-01-08

Ground truth



https://developer.nvidia.com/blog/modeling-earths-atmosphere-with-spherical-fourier-neural-operators/

New Frontiers

1.

Deep-learning extreme event
attribution is already being
attempted.

Science Advances Cuentienue - frstlessepapers
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Machine learning—-based extreme event attribution
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Abstract

1 The observed increase in extreme weather has prompted recent methodological

advances in extreme event attribution. We propose a machine learning-based ap-
N2 searetworks to create dynamically consistent
=] I‘,\lV > physics > arXiv:2408.16433

reme events under different levels of glob-

is technique to one recent extreme heat
Physics > Atmospheric and Oceanic Physics 3) and several historical events that have

[Submitted on 29 Aug 2024] hed attribution methods. We estimate that
Al-driven weather forecasts enable anticipated attribution of extreme PrthAmerica eventwere L18%to 1.42°C

events to human-made climate change that similar events will occur 0.14 to 0.60
u 9 iial levels of GMT. Additionally, we find

laily temperature and GMT are influenced
Iture response and the daily meteorological

Bernat Jiménez-Esteve, David Barriopedro, Juan Emmanuel Johnson, Ricardo Garcia-Herrera

Anthropogenic climate change (ACC) is altering the frequency and intensity of extreme weather events. Attributing individual
extreme events (EEs) to ACC is becoming crucial to assess the risks of climate change. Traditional attribution methods often N N R
suffer from a selection bias, are computationally demanding, and provide answers after the EE occurs. This study presents a 110rm rapid, low-cost attribution of ex-
ground-breaking hybrid attribution method by combini
deep-learning weather forecasts. This hybrid approach ¢
process, paving the way for operational anticipated globj
distinct high-impact weather EEs. Despite some limitati
forecasted fields of EEs. ifi , forecasts Physics > ic and Oceanic Physics
deepened hurricane Florence, and intensified the wind a|  [Submitted on 17 Sep 2024]

Harnessing Al data-driven global weather models for climate attribution:
An analysis of the 2017 Oroville Dam extreme atmospheric river

(or arXiv:2408.16433v1 [physics.ao-ph] for this version) |  Jorge Bafio-Medina, Agniv Sengupta, Allison Michaelis, Luca Delle Monache, Julie Kalansky, Duncan Watson-Parris
https://doi.org/10.48550/arXiv.2408.16433 @

th other attribution techniques, suggesting

2409.11605

Subjects: Atmospheric and Oceanic Physics (physics.ao-ph)
Citeas:  arXiv:2408.16433 [physics.ao-ph]

Al data-driven models (Graphcast, Pangu Weather, Fourcastnet, and SFNO) are explored for storyline-based climate
Submission history attribution due to their short inference times, which can accelerate the number of events studied, and provide real time
From: Bernat Jiménez-Esteve [view email] attributions when public attention is heightened. The analysis is framed on the extreme atmospheric river episode of
[v1] Thu, 29 Aug 2024 10:48:46 UTC (34,207 KB) February 2017 that contributed to the Oroville dam spillway incident in Northern California. Past and future simulations are
|  generated by perturbing the initial conditions with the pre-industrial and the late-21st century temperature climate change
signals, respectively. The simulations are compared to results from a dynamical model which represents plausible pseudo-
realities under both climate environments. Overall, the Al models show promising results, projecting a 5-6 % increase in the
integrated water vapor over the Oroville dam in the present day compared to the pre-industrial, in agreement with the
dynamical model. Different are unveiled for each of the Al-models tested,
providing valuable information for understanding the physicality of the attribution response. However, the Al models tend to
simulate weaker attribution values than the pseudo-reality imagined by the dynamical model, suggesting some reduced
extrapolation skill, especially for the late-21st century regime. Large ensembles generated with an Al model (>500
members) produced statistically significant present-day to pre-industrial attribution results, unlike the >20-member
ensemble from the dynamical model. This analysis highlights the potential of Al models to conduct attribution analysis,
while emphasizing future lines of work on explainable artificial intelligence to gain confidence in these tools, which can
enable reliable attribution studies in real-time.

Comments: This Work has been submitted to Artificial Intelligence for the Earth Systems.
Subjects: Atmospheric and Oceanic Physics (physics.ao-ph); Artificial Intelligence (cs.Al)
Citeas:  arXiv:2409.11605 [physics.ao-ph]
(or arXiv:2409.11605v1 [physics.ao-ph] for this version)
https://doi.org/10.48550/arXiv.2409.11605 @




New Frontiers

1. Deep-learning extreme event
attribution is already being
attempted.

2. Speed and low cost could allow for
large ensembles in minutes,
supporting uncertainty
quantification.
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Mahesh et al. (2024b)



New Frontiers

Deep-learning extreme event
attribution is already being
attempted.

Speed and low cost could allow for
large ensembles in minutes,
supporting uncertainty
quantification.

Coupled Al-emulators are just
coming online now.

Cresswell-Clay et al. (2024)



Are they fit for purpose?
How will we know?

Unlike weather forecasting models, Earth system
models need to be credible when external factors
are very different from history. This poses a
challenge for purely data-driven emulators.



Are they fit for purpose?
How will we know?

Unlike weather forecasting models, Earth system
models need to be credible when external factors
are very different from history. This poses a
challenge for purely data-driven emulators.
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Model drift is evident when predicting the
weather in future and past climates.

This has major implications for attribution
applications.

Rackow et al. (2024)



Are they fit for purpose?
How will we know?

Unlike weather forecasting models, Earth system
models need to be credible when external factors
are very different from history. This poses a
challenge for purely data-driven emulators.
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SFNO model 10 days after initialization of an
idealized, no topography, baroclinic wave test.

The outlines of the continents demonstrate the
difficulty in using these models out-of-sample.

Ullrich et al. (2025)



Priorities for Al Applications for Attribution Studies

1. Rigorous evaluation of weather/climate emulators; this requires both
agreeing on what tests are necessary, as well as implementing them

2. Assess and understand how these models behave under realistic climates
out-of-distribution; determine strategies for improving performance in these
instances (e.g. training on climate model data, building hybrid Al-physics
models)

3. Leverage a wide range of datasets to support the full pipeline from earth
system simulation to final impact (e.g. monetary, health, etc.)
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