SYMPOSIUM ON Al FOR SCIENCE & ENGINEERING, IIT HYDERABAD, 2026

Teaching Climate Science to Machines

Suyash Bire

Assistant Professor, Centre for Climate Studies, IIT Bombay

suyashb@iitb.ac.in

% CLIMATE
¢ STUDIES




Weather vs Climate

What is the difference between weather and climate?

= Will it rain today? = Will my house sink in 50 years?

= Should | carry my umbrella? = Will my city get more storms in 100 years?



Weather vs Climate

= https://weather-and-climate.com/

= Climate is the long-term average of weather
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Weather vs Climate

Weather Forecasts
Predictability comes from initial

) e i Climate Forecasts
= For weather forecasts, solo atmospheric et ereamesenere \ \
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model suffices High Predictability comes from initial Predictability comes from ENSO,
. conditions of the atmosphere, long-term trends, land-surface
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What is a Climate
Model

= Climate Model: Atmosphere + Ocean + Land
+ Sea + Aerosol (optional) +
Biogeochemistry (optional)

= Atmospheric Grid Points: 64, 800 X
50 layers ~ 3.24 million 3D points

= Oceanic Grid Points: (64, 800 x 0.70) x
60 layers ~ 2.72 million 3D points

= 1000 to 5000 CPU core-hours per simulated
year

® |ncreasing resolution leads to quartic growth

in computational resources (~ N4)

The resolution of global climate models has improved

2. Second IPCC

1. First IPCC assessment report (1§90)
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IPCC Projections

®»  |ntergovernmental Panel on Climate Change
(hitps://ipcc.ch)

=  Projections from 1850-2100

»  Forcing Scenarios

m  Assesment Report 6 (2023)

m  SSP: Shared Socioeconomic Pathways
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(b) Global land precipitation change
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https://ipcc.ch/

Dimensionality
Reduction

®  Principal Component Analysis/Empirical
Orthogonal Functions

= Matrix Factorization, Z(z,t) = X(z) -
T(¢)

®  Linear but highly interpretable

= Ongoing research: Non-linear yet

interpretable decompostion

(b) El Nino mode (?)
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Downscaling/Data
Assimilation/Gap filling

» Downscaling (upsampling): Take coarse
resolution data and increase its resolution

» Data Assimilation: Combine observations
with model simulations

m  Gap-filling: Estimate missing data

= Ongoing research: Uncertainty

quantification, novel NN architectures
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Emulation (Surrogate
modeling)
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Parameterization

= Parameterization: represent the effects of
unresolved small scale processes in terms of
large-scale resolved flow

m | et the physics equations learn the large-
scale flow

m | et a neural network handle the small-scale
processes

= Neural general circulation models for

weather and climate (Nature, 2024)




Summary

= Weather vs Climate
= Problems in climate modeling
= Dimensionality reduction, downscaling, data assimilation, emulation, parameterization

= Thank you!



