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\Vliotivations

Rigorously identitied subgrid dynamics effects
Injecting likely small-scale dynamics

Predict extreme events

Quantification of modeling errors » -nsemble forecasts and data assimilation

Studying different likely scenarios and attractors » Climate projections
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SQG under Moderate Uncertainty

SQG MU

Code available online
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Ensemble : uncertainty quantification
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Conclusion

Models under location uncertainty blindly describe unresolved triades

e Conserve energy
e Model derivation

* |nstabilities triggered,
possibly followed by extreme events

o Uncertainty quantification to address filter divergence
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