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Numerical Weather and Climate Modelling _

Basics y;:

Icosahedral Grid

,,,/I?///mm\\\\\\\\\\\, N

. . . % 2,
Operational Weather and Climate Models (such as the UK Met Office’s oot
. . I.O.‘.’.O“"Q."".","'..‘fx ..i
Unified Model) are comprised of 2 MAIN components: .:.:‘:.:,:,WE;,»&
R ;
O NG IR T ¥
. . . . . NN T anSa  imeE
1. DYNAMICS - Fluid motion (solving governing equations) that can be :,@ii..:g::iii. ‘ﬁﬂqg.:ﬁ; ms Gubed Sphere Grid
2. PHYSICS* - NN v GFDL FV3
: : NN %
a. Effects of fluid motion smaller than can be resolved (turbulence, §§§§§§g\
i N =~
convection) \‘3\§§§§§§EEEE"=
b. Non-fluid motion (radiation, cloud physics) \\§:§§§§§§§§
uses
\\,,,\w = g Yin-Yang Grid
ou c..0 == e.g., Environment
P , Lat-Long Grid Canada
—+ u-V)u+20xu+Ved + ———VII o
at ( ) 1+3¥m, Momentum Equation e.g., Unified Model (Met
A Office), NOAA,
00 NCAR CESM
Fr L Thermodynamic Equation
All numerical models are based on a filter, 8 — 6
6_P+V.(u)_0 06 _ __ 1____ L0 _
ot pu) = Continuity Equation 5 TwVe=- ;V- pu'e’+—(C—e)+ 0k
p i
om,.p Thermodynamic Equation w/ Filter :':"' 7 7/
——+ V. (mypu , .
ot (mscpu) :® Moisture Transport Equation Convection parameterisation needs to A i
1.  Represent the effects of sub-filter-scale convection
1-xk R on the filtered flow (first term on RHS). PR 1-10km
IITx +—p0=0 ) 2. Produce phase-change such as precipitation
3. Factorin radiative contribution (third term).
Governing Equations \
3B UNIVERSITY OF : - -
) CAMBRIDGE Subgrid Forcings |——>| *Needs to be PARAMETRISED!

Content adapted from James Kent (Met Office) and Bob Plant (Reading) at the NCAS Climate Modelling Summer School 7 — 19 Sept 2025 in Cambridge, UK



State-Dependent Parametrisations

1 - Agent Silver D, Huang A, Maddison CJ, Guez A, Sifre L, van den Driessche
GO > CI” | Iate MOdelllng G, et al. Mastering the game of Go with RL Agent
Human Player deep neural networks and tree search. Nature. 2016 RL Algorithm

Jan;529(7587):484-9. Publisher: Nature Publishing Group.
Available from: https://www.nature.com/articles/naturel6961.
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Why Reinforcement Learning? lf“
Case AGAINST offline-ML* W
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ERA5 has been extended to 1940.  Most ML data is observed 5. NOT OPTIMISED for long-term forecasting. Most architectures predict one-step-
In total — 84 years of hourly global  from the satellite era — 1980 onwards. ahead and produce multiple outputs through auto-regressive forecasts.

data.

Reinforcement Learning (RL) can:

2)-?3%?'!'%\‘%@}?8’58 ﬁaUSing teftnper?tuie ?nddcéi.fT](aff ’5[9 99[ O#Td 1. AVOID the need for costly offline datasets through online learning.
- . No guarantees for trained distribution to ho :

for warming regimes. EXPENSIVE RE-TRAINING is required for 2. ADAPT continuously as new data emerge.

3. LEVERAGE the underlying physics-based climate model to ensure
new data. i
conservation.
[CHXIR]/[%{I%IB{GOE, 4. LEARN effectively even from sparse or delayed rewards.

5. OPTIMISE directly for long-term rollouts consistent with climate dynamics.




Why Reinforcement Learning?
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* ASSUMING standard off-the-shelf architectures.

ERAS has been extended to 1940.  Most ML data is observed

In total — 84 years of hourly global  from the satellite era — 1980 onwards.

data.

1. Global warming is causing temperature and climate to go OUT-
OF-DISTRIBUTION. No guarantees for trained distribution to hold

for warming regimes. EXPENSIVE RE-TRAINING is required for
new data.
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so are GPUs :)

4. LACK OF adaptability AGAINST sparse-rewards (e.g., combining 1-hr ERA5 data
with 6-hour satellite data).

5. NOT OPTIMISED for long-term forecasting. Most architectures predict one-step-
ahead and produce multiple outputs through auto-regressive forecasts.

Reinforcement Learning (RL) can:

1. AVOID the need for costly offline datasets through online learning.
2. ADAPT continuously as new data emerge.

3. LEVERAGE the underlying physics-based climate model to ensure
conservation.

4. LEARN effectively even from sparse or delayed rewards.

5. OPTIMISE directly for long-term rollouts consistent with climate dynamics.




Summary TQC | 100 hPa
RAIN (Nath et al., 2025) : Parametrisations using Single-agent RL o rcemesr
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Spatial Decomposition
Federated Learning
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Discrete Climate Model Grid Schematic (Earth Magazine) | Astronaut riding a horse (OpenAl DALL-E, MIT Tech Review)




climateRL Environments
Budyko-Sellers Energy Balance Model (EBM)
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Federated Reinforcement Learning (FedRL)

ebm-v2 Environment
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Federated RL can provide free improvements in existing RL
parameterisations through weight-sharing.

FedRAIN — leveraging the GCM structure, can:
1. LATCH an RL agent onto each regional climate process
via GCM spatial decomposition.

2-region 2. SHARE weights periodically across agents for
decomposition COLLECTIVE learning.
3. Perform FASTER convergence and more LOCALISED
skill.
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FedRL Aggregation
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Federated Reinforcement Learning (FedRL)
ebm-v3 Environment

30 A

20 A

10 A

Temperature (°C)

—20 4

—-30 4

o o~ W N

decomposition

a2

6-region

—— EBM Model w/ RL
EBM Model
—— Observations

71N

—-10 4

\ /

RL agent for
EVERY sub-region

2-region
decomposition

Federated RL can provide free improvements in existing RL
parameterisations through weight-sharing.

FedRAIN — leveraging the GCM structure, can:

1. LATCH an RL agent onto each regional climate process
via GCM spatial decomposition.

2. SHARE weights periodically across agents for
COLLECTIVE learning.

3. Perform FASTER convergence and more LOCALISED
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Experiment Pipeline
M u |ti'age nt RL Hyperparameters are shared Top-3
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R i : DDPG | ebm-v2-optim-L-20k-a6
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DDPG | ebm-v2-optim-L-20k-a6
Results
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