Comments for roundlable discussion

Traditional (physiecbased) weather and climate modeling uses Hl
A Al actually REDUCES compute in these domains!

Once trained, Al Is significantly faster at prediction than physical models
Likely the case for ML emulators of physical models in your domain!

We develop and train targeted models that are best for the applicatio

¢> These are much smaller than huge foundation models e.g., from Open
that are meant to be very general

You can do that in your domain as well!
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‘December 2021Boulder County, Colorado
Snow drought conditions througtall and winter 2021 created dry lar@bver
s8omnn YLK ¢6AYRaX O2Y0OAYSR ¢AGK AIYAl,
Loss of 2 lives. 1000 homes andi23inesses were destroyed, and more damageﬁ




new solutions this creates for nations, business and for everyday life, we must al
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Climate Informaticaising Machine Learning ((c!.
to address Climate Change

2008
2010
2011
2012
2013
2014
2015
2018
2021
2022
2024
2025

Started research on Climate Informatics, with Gavin Schmidt, NASA
G¢NF Ol Ay 3 /| tMoMdledntet ah, ARSACIDY, Best Application Paper Award
Launched International Workshop on Climate Informatics, New York Academy of Scien
Climate Informatics Workshop held at NCAR, Boulder, for next 7 years
G/ tAYFGS LYF2NXYIIO0AO&aE 0221 OKFLIISNI wa ¢
G/ ftAYFOS / KFEy3aSY /[ KIffSyaSa ReuBJatorig]K A Yy ¢
Launched Climate Informatics Hackathon, Paris and Boulder
World Economic Forum recognizes Climate Informatics as key priority .
Computing Research for the Climate Crisis [Bliss, Bradley @ M, CCC white
First batch of articles published in Environmental Data Science, Cambridge University |
13" Conference on Climate Informatics, Turing Institute, London

1% Conference on Climate Informatics, April, Rio de Janeiro



ADAPTATION

MITIGATION

IMPACTS

Short-term

Medium-term

Long-term

Extreme weather

Cascading hazards

Energy transition

Land-use change

Carbon emissions

Sea-level rise




ApproachExploit all available data

C Simulated datgyenerated by physiesased models
C Numerical Weather Prediction (NWP) models
C General Circulation Models (GCM)
C Regional Climate Models (RCM)

Horizontal Grid
(Latitude-Longitude) |*

Vertical Grid
(Height or Pressure)

C Reanalysis data
C Gridded data products frordata assimilation
applies physical laws to observation

C Observation data
C Satellite remote sensing data
C In-situ data

s



Al Methods

C Semisupervised, unsupervised, sslfipervised learning

C New methods for downscaling (supegsolution), interpolation of geospatial data
C New pretext tasks for seHupervised learning, e.g., STINRAfilalet al., 2024]
C Regularization via multasking over variables, ledanes

C Generative Al

C VAE, Normalizing Flows
C Diffusion and flowbased training
C Develop new generative downscaling methods, e@rognkeet al., 2020]

C Learning under nostationarity
C Learn level of nomstationarity over time and space



ADAPTATION
Al for Extreme Weather and Cascading Hazards

Pressure
level A
(~altitude)
225 hPa 4

Hurricane track prediction

500 hPa -

Forecasting Indian Summer Monsoon
precipitation extremes

700 hPa -

Avalanche detection

(Giffarc-Roisin et al., Frontiers 2020) Generative Al for weather forecasting



MITIGATION

Reducing carbon emission

Accelerate green energy transitio
A Akdriven forecasting of solar, wind
A Al to downscale solar and wind dats

Reduce compute for weather anc
climate modeling

A Once trained, Al is significantly faste
at prediction than physical models




IMPACTS
Al for Understanding and Predicting Climate Chang

. . Use Al to learn relations betweer
S |IPCC simulations and observatio

e A Robustifyclimate model ensemble
i B g e forecasts

Realistic
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S>> A Projecting longerm sealevel rise
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=== A Projecting longerm carbon emissions

UCAR Science Education



Al fordownscalmg;patlotemporal data

Global climate model simulations are
coarser scale (in space and time) the
needed for multiple tasks in:

A Climate change adaptation

A Climate change mitigation

A Projecting longerm impacts

Approach:Use ML talownscale
climate model data to relevant scales

Phenomenon time scale

100 years
10 years

1 year

1 month
1,000,000 s
1 week
100,000s

1 day

10,000s

1 hour

1,000s

100s
1 min
1s

0.01s

Extratropical
cyclones:

ST

Clouds/

turbulence Cloué/mesoscale mod;els

Large eddy s1mulatlon

models :
DN S turbulence models
Mesoscale § Synoptic Scale
10°%m 102m1m 100m 1km  10km 100 km 1000 km 10,000 km 40,000 km
Phenomenon space scale Raih glregmizsnes

[Gettelman et al., Science Advances, 2022]



Revolution in Al for weather forecasting

Global Observing System RCHHE o Since2022, avariety of Almodelshave
}).\\ C/< . shownweatherforecastingperformance
“Ne g)@ K:N\f‘ comparable oBETTEEhan numerical

w*-::u,w/wi”/’?\ M/\ weatherprediction(NWP).

Thesedeeplearning(DL)modelsare trained
onreanalysigiata (ERAD) tpredictthe next
weatherstate giventhe currentstate

Model predictionsare then « rolled-out » to
forecast7-10 daysin the future

1980 1990 2000 2010 2020

What is reanalysis data?

Image creditEuropean Center for Medium Range Weather Forecasting (ECMWF) website
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GenerativeAl forweatherforecasting

850hPa Temperature 850hPa Wind
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Al for Climate Data Equity

<

s Train models irighdataregions and apply them llow-dataregions
z Train and validate them inigh-dataregions

: FInetune them using the limited data in thew-dataregions and use them to
generatemore data.

<

s Contribution toclimate data equity
: Local scales (e.g. legacy of environmental injustice in USA)

s Global scales:
y DfE 201 f b2NIK KAaAUOG2NAOlFIffe SYAUGGSR Y2NEBE O

y Global South is suffering the most severe effects of the resulting warming



Are Black Americans Underserved b
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Black parts of the
Southeast [USA]
are relatively far
from radar sites,
YSI VAY 3

harder to gather
iInformation abou
storms impacting
0KSas |

Credit: Jaclsillin in
[McGovern et al.,

[ | Excellent Radar Coverage &

G a OVeragan

Weather radars detect storms
by sending beams of energy out
into the atmosphere and
listening for energy that
bounces back off rain, snow,
hail, and anything else in the
atmosphere.

The farther a stoym is from a

radar e, the lepg informakon [}
Jgacafgettboiﬁt due to the

beam height rising farther off

the ground, and the beam width|

expanding leading to lower
resolution.

High resolution radar data near
tke ground can be cijtical in
y ituaans@lgs when
severe thunderstorms and
tornadoes threaten.

Many majority-Black parts of
the Southeast are relatively far
from radar sites, meaning that
it's harder to gather information
about storms impacting these

areas.
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Science, 2022]
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Longterm goals

Cascading Hazards
A Goal: move beyond individual weather extremes, to how they couple

A With massive wildfires everywhere, there is extreme urgency!

Climate Justice
A Our research should always help increase climate equity

A Ultimately, we should strive for approaches to help UNDO the legacy
climate INjustice



Boulder

futurerth

Research. Innovation. Sustainability.

Thank you!
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o ENVIRONMENTAL
DATA SCIENCE

An i.nt_erdisciPIinary, open access journal dedicated to the potential of
artificial intelligence and data science to enhance our understanding of
the environment, and to address climate change.

Data and methodological scop®ata Science broadly defined, including:
MachinelLearning; Artificial Intelligence; Statistics; Daaning; Computer Vision; Econometrics

Environmental scopeincludes:

Water cycle, atmospheric science (including air quality, climatology, meteorology, atmospheric chemistry &
physics, paleoclimatology)

Climate change (including carbon cycle, transportation, energy, and policy)

Sustainability and renewable energy (the interaction between human processes and ecosystems, including
resource management, transportation, land use, agriculture and food)

Biosphere (including ecology, hydrology, oceanography, glaciology, soil science)

Societal impacts (including forecasting, mitigation, and adaptation, for environmental extremes and hazards)

Environmental policy and economics
O @envdatascience

: CAMBRIDGE

www.cambridge.ordeds
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