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Learning skillful medium-range global
weather forecasting
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Alexander Merose?, Stephan Hoyer?, George Holland’, Oriol Vinyals', Jacklynn Stott’,

Alexander Pritzel', Shakir Mohamed'*, Peter Battaglia'*

Global medium-range weather forecasting is critical to decision-making across many social and
economic domains. Traditional numerical weather prediction uses increased compute resources to
improve forecast accuracy but does not directly use historical weather data to improve the underlying
model. Here, we introduce GraphCast, a machine learning-based method trained directly from reanalysis
data. It predicts hundreds of weather variables for the next 10 days at 0.25° resolution globally in
under 1 minute. GraphCast significantly outperforms the most accurate operational deterministic
systems on 90% of 1380 verification targets, and its forecasts support better severe event prediction,
including tropical cyclone tracking, atmospheric rivers, and extreme temperatures. GraphCast is a key
advance in accurate and efficient weather forecasting and helps realize the promise of machine learning
for modeling complex dynamical systems.

Surface variables (5) Atmospheric variables (6) Pressure levels (37)

2-meter temperature (2T) Temperature (T) 1,2,3,5,7,10, 20, 30, 50, 70,
10 metre u wind component (10u) | U component of wind (u) | 100, 125, 150, 175, 200, 225,

10 metre v wind component (10v) | V component of wind (v) | 250, 300, 350, 400, 450, 500,

Mean sea-level pressure (MsL) Geopotential (z) 550, 600, 650, 700, 750, 775,

Total precipitation (TP) Specific humidity (Q) 800, 825, 850, 875, 900, 925,

Vertical wind speed (w) 950, 975, 1000

Table 1 | Weather variables and levels modeled by GraphCast. The numbers in parentheses in the column
headings are the number of entries in the column. Boldfaced variables and levels indicates those which were
included in the scorecard evaluation.

A Input weather state

B Predict the next state

C Roll out a forecast
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GraphCast
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Linear representation hypothesis
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The workhorse

Sparse Autoencoder

; = TOpK(Wenc (Vi — b))
‘Af'i — Wdecaz’ -+ b

v; €RY a; € R lleflo <k

Typical values in GraphCast could be

d=512 f=8192 k=32
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Feature 3243
activates in the
presence of
tropical cyclones

But what is it really?

Ground Truth Mean

Feature 3243
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Causal Steering Sparse Autoencoder

o, = TOpK(WenC (Vi — b))
— Wdecai b

1. Decompose residual stream

vi =9+ (v —¥))

(/

2. Apply encoder, modify feature with steering vector

l—Sf'Y@a

3. Decode modified features, to get modified residual stream

~
— Wdecai + bp're
4. Add back

l o~ l l
Vimod = Vi + (Vi — ;) .



Feature 3243 controls the

strength of evolving hurricanes
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Can test physicality of resulting

fields
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Feature 1820
activates in the
presence of
atmospheric
rivers

Ground Truth Mean

Feature 1820
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Feature 1710 activates in the presence of sea ice
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Experiment: what happens when we
decrease the strength of feature 17107

2m_temperature: Alpha +0.00 - Alpha -0.10 specific_humidity: Alpha +0.00 - Alpha -0.10 wind_mag: Alpha +0.00 - Alpha -0.10
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Other features are clearly not physical...

Feature 2585 Feature 2954 Feature 1331 Feature 1850
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What about dynamics??
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Reliable forecasting of the Earth system is essential for mitigating natural disasters
and supporting human progress. Traditional numerical models, although powerful,
are extremely computationally expensive'. Recent advancesin artificial intelligence
(Al) have shown promise in improving both predictive performance and efficiency®3,
yet their potential remains underexplored in many Earth system domains. Here we
introduce Aurora, alarge-scale foundation model trained on more than one million
hours of diverse geophysical data. Aurora outperforms operational forecastsin
predicting air quality, ocean waves, tropical cyclone tracks and high-resolution
weather, all at orders of magnitude lower computational cost. With the ability to be
fine-tuned for diverse applications at modest expense, Aurora represents a notable
step towards democratizing accurate and efficient Earth system predictions. These
results highlight the transformative potential of Alin environmental forecasting
and pave the way for broader accessibility to high-quality climate and weather
information.
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Weather transformer
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u-wind (m/s)
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Do they “do” advection?
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u-wind (m/s)
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We can locate where these twists/stretches happen
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Conclusion
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T. MacMillan and N.T. Ouellette. Towards mechanistic understanding in a data-driven weather model: internal
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Reach out! theo@getcausal.ai We’re hiring :)
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