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Two important roles for AI in 
weather/climate prediction. 



Model Hierarchy

Simple Complex

   
ρ ∂

∂t
+ u.∇

⎛
⎝⎜

⎞
⎠⎟

u = ρg −∇p + µ  ∇2u

dX
dt

= −10X +10Y

dY
dt

= −XZ + 28X −Y

dZ
dt

= XY − 8
3
Z

Charney
Quasi-geostrophic model 

of midlatitude flow

Gill model of tropical 
atmosphere. 

Cane-Zebiak model of El 
Nino  

Stommel box model of 
thermohaline circulation   

Intermediate complexity



We need comprehensive climate models for:

• Understanding (Of course!)
• Mitigation (How to transition to a decarbonised society.)
• Adaptation (How to make society more resilient to changing 

extremes of weather?)
• Attribution (Were observed weather events caused by 

climate change – will they become more frequent in the 
future?)

• Geoengineering (Is there a Plan B?)



Are we primarily adapting to 

or





Even when climate models 
agree, are they trustworthy on 

the regional scale? 

BIAS SIGNAL



Our study:

Early phases of 
climate change 
(thermodynamic) –
Pakistan floods 
become more likely. 

Later phases of 
climate change 
(dynamic and 
thermodynamic) –
Pakistan floods 
become less likely. 



Move to km-scale grids?

• More accurate representation of underlying laws 
of physics. 

• No parametrization of deep convection, orographic 
gravity wave drag and ocean eddy mixing.

• Smaller systematic errors.

• Better representation of extremes (vital for 
adaptation applications). 

• Better assimilation of observations (ocean and 
atmosphere) and hence more accurate initial 
conditions. 

• Better reanalysis products for climate diagnostics. 

• Improved (stochastic) parametrisations for CMIP-
class models. 



Destination Earth 





A coordinated international network of climate-
dedicated exascale computing institutes. 

China Japan

India Korea

Europe USA

???



And what would we do with such a distributed facility?

Coordinated km-scale (K-scale) 
global ensembles for multi-
decadal climate prediction



Dynamical Core 
Stochastic 

Parametrisations
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AI
Use NNs trained on 

observations to learn 
equations of motion. 

A means to implement low-
precision (stochastic) 

parametrisation. Use 16-bit 
NNs trained on output from 
existing parametrisations to 
construct computationally 

cheap parametrisations with 
comparable levels of skill. 

Reinvest saved time to 
improve model resolution. 

Soft Hard

Use AI trained on 
observations/ high-

resolution model 
output to learn new 

improved 
parametrisations. 



Take anticipatory action when probabilities of 
extreme weather exceed a predetermined threshold. 



• National Met Services (NMSs) use Limited Area Models (LAMs) to downscale global 
ensemble forecasts

• They can typically only afford to run a few LAM members and only out to a few days 
ahead

• Downscaling global ensembles with AI could allow them to run out to two weeks with 
“superensembles”

• And it would give the NMSs  a reason to maintain their local observational network 


