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FORECAST i1n Liguria
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Artificial Intelligence

Is the field of study

Machine Learning

Is a branch of Al that focus on the creation of
intelligent machines that learn from data.
Another very well know branch inside Al is
Optimization.

Deep Learning

Is a subset of Machine Learning methods,
based on Artificial Neural Networks.

Examples: CNNs, RNNs

Generative Al

A type of ANNs that generate data that is
similar to the data it was trained on.
Examples: GANs, LLMs

www.devoteam.com
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Earth system GenAl

2023-> PanguWeather
breakthrough in
outperforming
dynamical systems.

Focus on global
medium-range weather
- missing ocean
dynamics and waves.
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A New Era of Al: Foundation Models

Step function improvements over legacy Al technologies
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Foundation models

Massive external data
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Foundation models

Massive external data

Enterprise
proprietary data
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Time series FM:

2O TimeGPT

X la top accuracy and fastest inference
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Research pretrained on ~100 billion points

Earth system time series FM:

. Aurora
H

state-of-the-art performance:
5-day global air pollution
10-day global ocean wave
5-day tropical cyclone track
10-day global weather forecasts
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Foundation model capabilities
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Benchmark Forecast X TimeGPT
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POint fOI‘Cing' Fine-tune train 8 days
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Point-forcing —

Loss functions
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Target [Genova]

Target [Genova]

Area forcing - coarse
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Area forcing — 2018 storm event
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Conclusions & discussion
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