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Simulations vs
Satellite

Uncertainties in dynamics reduce with
higher resolution

Uncertainties in physics often
dominate weather forecasts

Dynamics ¢<— (micro) physics
Laws ¢— heuristics
Certaln ¢<— uncertailn

How can we constraint models better
to data?

Stevens et al., 2019
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F¥ . Machine learning:
../ AWhy relearn everything?
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A Input weather state B Predict the next state Roll out a forecast
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GraphCast S

Pure machine learning weather forecast
model

GraphNN with encoder - processor -
decoder architecture

6h time steps

No physical laws, not generalizable (?)
nor explainable (?)

Fig. 1. Model schematic.

A
A

Lam et al., 2023




Neural General Circulation Models

Learned physics
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Kochkov et al., 2023

e Differentiable model (dynamics + physics) based on Python+JAX
* More explainable than pure ML



Physics discovery and generalisation

Dycore tendencies
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Kochkov etal., 2024 Daytime evaporation +
convection over tropical oceans

Trained on
weather

but skilful for
climate




What do we want climate models to be?

AGU 20177



Two language-problem of weather and climate models

yWeather's
future

Complexity and physical accuracy



w Monolithic interface?
User

Namelist, run_model

Primary components (Operators, Transforms)

. Secondary components (Physical schemes)

F
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Modularity, extendablility,
composability very hard!

G Simulation




Model constructor interface
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SpeedyWeather.jl v0.10: Where are we?

SpeedyWeatherjl Implicit large-scale condensation

Ideally, one would want to condense towards the new saturation humidity g* (751 ) 3t 1 — 1 so that condensation
draws the relative hurnidity back down to 100% not below [t. Taylor expansion at 2 of the equation ebove with

Extending SpeedyWeather X g* (T3 1) and AT = Ty, 1 — T} land Ag similarty] to first order yields
Dynamics > A’
’ \ ./ ‘ Y iy f -3
. G+l — G = ¢\ L) — @ = ¢"(T3) + (Tisn — T) o (T3) + O(AT) — g;
Physics v o7
Large scake condensation Now we make a lincar approximation to the derivative and drop the Q( AT?) term. Inserting the (explicit] latent

heat release vields
a Cordensation mpbarnentatons

2 Explicit kbrge-scale condensation I L dot .
Ag = g (T) — — 2 Aq T (T)) —

a Impiit lange-scale condersation ‘ (e a1 ’
9 Large-scade precipilstion
5 Rekronces And solving for Ag ylelds

1 sing CairoMakie
Cornvection SpeedyWeather.jl using
Radlation vor = simulatien.diagnostic.variables,layers[end],grid. variables, vor grid

heatnap(var, titles"Surface relative varticity®)

Vertical diffus
Examples 3D

Surface relative varticity

Surface fluxes
a Jablonowskl-Villamson barodinic wave

Discretization o Medd-Suarez fardng

RingGrids o Aguaplanet
o Acuaplanet without (deepl comvectian

LowerTriangula
L 2 Larpe sl vs convective predpitadion

SpeedyTransfor 9 Referenos

ite 3.4

' »
' And Chyjg
Al ~ Anglysis
Veaion | dev
Tree structure

Particle advwection

NetCOF output

Extending SpeedyYeather >
Dynamics .
Held-Suarez forcing
Physics >
Discretizstion 3 using SpeedyNeather L
speciralgrid = SpectralGrid(trunc=31, nley=3)
RingGrids
# canstruct nodel with anly Held<Suarez forcing, no other physics ) o .'-)
. - nodal = PrinitivabryModel(s n§ '
LowerTriangularMatrices ey ¥ 3 pcedYWeathe .
pectral_grid, rjlis an atm
- . - OSDhcr,
C
Vialon | dev : ¥ Hela-Suarez forcing and drag Sener) Cich/a”o

JOSS paper is out!
Extensive documentation, with examples
+ “textbook” on global atmospheric modelling



Higher resolution examples

Cloud cover

Humidity at 40km resolution
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