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explicit instructions.1

Deep learning are machine learning methods using large/deep artificial 

neural networks.1
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You all know machine learning algorithms:

• Linear regression

• Training data: point observations 
• Model: linear function 

• Training process: least squares fit / solution of 

overcomplete linear system

• Inference: evaluate linear function with new 

• Principal Component Analysis (PCA)

• Proper orthogonal decomposition, Karhunen-

Loeve transform, Hoteling transform …

• Training data: data points 

• Model: reduced basis representation
• Training processes: computation of singular value 

decomposition

• Inference: project data into reduced basis

What is machine learning?
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• 1950s: Artificial intelligence starts as scientific field to match 

or surpass human intellectual abilities
• Development with a lot of over-promises and 

disappointments over the decades
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• Key advance was availability of GPUs for general 

purpose computations (CUDA etc)

• 2010-2020: Rapid take over of machine learning by deep 

neural networks and algorithmic advancements
• Neural networks quickly morphed from academic niche 

to practical deployment

• 2020+: scaling of neural networks to trillions of trainable 

parameters
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The classical MNIST problem:

• Classification of digits in postal codes

• Challenge:
• Handwritings are very varied and ambiguous

• Classical (human-crafted) algorithms are ineffective to 

deal with this variability

• Training data: real-world scanned postal codes that have 
been manually labelled

• Labelling is likely not fully accurate

• Model: neural network

• Training process: optimize free parameters in the neural net

What is machine learning?
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What is machine learning?

data neural network

a lot of free parameters combined

weakly nonlinearly to model 

the data

the stuff to model

(usually with ambiguity 

and large variability)

training

protocol + 

loss

nonlinear optimization

that can be computed 

efficiently 



Predicting the weather is different from classical ML challenges:

• Powerful conventional numerical weather prediction models

• Physics of most processes in the Earth system is well understood

• Equation-based models provide highly skilful weather forecasts

Machine learning for weather forecasting



Predicting the weather is different from classical ML challenges:

• Powerful conventional numerical weather prediction models

• Physics of most processes in the Earth system is well understood

• Equation-based models provide highly skilful weather forecasts

Why is ML for weather prediction an opportunity?

• Weather prediction is inherently uncertain (has ambiguity)

• Modeling of many small-scale processes and their interaction across 

the entire globe is highly challenging with classical approaches
• Large amounts of data

• Reanalysis (ERA5 is in total about 6 PB)

• Forecast archives

• Observations, e.g. modern satellites records 10s TB of data every 

day, which are difficult to exploit with conventional approaches

Machine learning for weather forecasting
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• 1990s-present: Neural networks have been explored and used in 

Earth system modeling since the 1990s

• Used typically as data-optimized interpolation method

• 2010-present: Learning parametrizations
• Philosophy: we understand large scale motion in the 

atmosphere but struggle with representing

• Still many efforts in this direction

Machine learning for weather forecasting: a short history
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forecasting

• 2020/21: Weyn, Duran et al.: Skilful ensemble forecast close to IFS skill

• 2022: Keisler: graph neural network approach with skill close to IFS
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• 1990s-present: Neural networks have been explored and used in Earth 

system modeling since the 1990s

• Used typically as data-optimized interpolation method

• 2010-: Learning parametrizations
• Philosophy: we understand large scale motion in the atmosphere 

but struggle with representing

• Still many efforts in this direction

• 2018: Dueben and Bauer: First attempt for pure neural network-based 
forecasting

• 2020/21: Weyn, Duran et al.: Skilful ensemble forecast close to IFS skill

• 2022: Keisler: graph neural network approach with skill close to IFS

• 2023: PanguWeather, GraphCast: First models whose skill surpasses 

operational IFS in headline scores
• 2024: NeuralGCM: hybrid model surpassing IFS

• 2025: AIFS: first operational weather forecasting model

• 2024/2025: GenCast and AIFS-Ensemble: AI-based ensemble methods 

surpassing IFS-ENS

Machine learning for weather forecasting: a short history

inflection point
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Machine learning-based weather forecasting

data neural network

training

protocol + 

loss

minimize MSE

between prediction 

and training data 

50-200 million trainable parameters

(transformers, graph neural nets,

conv-nets, …)

reanalysis / analysis

(e.g. ERA5)
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(Re-)analysis Forecast

Machine learning-based weather forecasting

neural network

time stepping similar to existing models:

forecast is used as input for neural net for 

next time step

Time step: 6h or longer

(compared to O(min) for conventional models

Fine-tuning on operational

analysis to avoid mismatch 

between training and 

inference time

ensemble

methods
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• State-of-the machine learning models for global weather forecasting 

• Trained on ERA5 reanalysis, potentially fine-tuned on operational analysis

• Variety of network architectures

• Robust forecasts with skill comparable or better to the best conventional 

models

• Approximately three orders of magnitude cheaper than conventional models in 

terms of computational costs

• Ensemble models

• Diffusion models or with CRPS(-type) training

• Skill comparable or better than conventional models
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• Beyond global scores

• How do state-of-the-art perform for extreme events?

• How physical are the forecasts of machine learning models?

• Why can machine learning models outperform sophisticated equation-based 

models?
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Machine learning-based weather forecasting
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• How physical are the forecasts of  machine learning models?

• Geostrophic balance—but is it necessary for a forecast to be physical?
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Machine learning-based weather forecasting

Geometric optics

- Describes the propagation and physical 

behaviour of light

Maxwell’s equations

- Describes the propagation and physical 

behaviour of light
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• Geostrophic balance—but is it necessary for a forecast to be physical?
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Machine learning-based weather forecasting
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- No diffraction

- No caustics
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• How physical are the forecasts of  machine learning models?

• Geostrophic balance—but is it necessary for a forecast to be physical?



82EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS

Machine learning-based weather forecasting

Geometric optics
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- No interference

- …

Yet geometric optics is a completely valid 

physical theory.

Maxwell’s equations

- Describes the propagation and physical 

behaviour of light
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Machine learning-based weather forecasting

Geometric optics

- Describes the propagation and physical 

behaviour of light

- No diffraction

- No caustics
- No interference

- …

Yet geometric optics is a completely valid 

physical theory.

Maxwell’s equations

- Describes the propagation and physical 

behaviour of light

Fun reading on the subject: Asimov, The relativity of wrong 

• How physical are the forecasts of  machine learning models?

• Geostrophic balance—but is it necessary for a forecast to be physical?
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Machine learning-based weather forecasting

2-day forecast of rare snow along the Gulf Coast

20 January 2025 00 UTC t+48: 24h snowfall 20 January 2025 00 UTC t+48: 24h snowfall
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Conclusion

• Machine learning: derive models from data 

• Deep learning

• Large amounts of data and many free parameters

• Qualitatively different behaviour than small neural nets

• Machine learning is promising for weather forecasting

• Large amounts of data

• Various processes and the interaction of many subsystems are difficult to model 

conventionally 

• Probabilistic problem

• Machine learning is currently revolutionizing weather forecasting

• End-to-end forecasting models outperform conventional models

• Many untapped opportunities, e.g. use of observations and combining different 

datasets



What do you expect from the course?
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