DA/ML techniques offer a way of
calibrating parameterizations and
reducing model uncertainty. They can’t
reduce structural errors stemming from
individual parameterizations or the

coupling, and rely on access to high
quality data.
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Process-level understanding can
inform model design. But if
unconstrained by observations, it
can lead to unnecessary
complexities.
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Microphysics calibrations: Azimi et al. 2024: Training warm-rain bulk microphysics schemes using super-droplet simulations
Ensemble Kalman methods: Huang et al. 2022: lterated Kalman methodology for inverse problems.
EDMF: Tan et al. 2018: An extended eddy-diffusivity mass-flux scheme for unified representation of subgrid-scale turbulence and convection.

Kinematic driver: Shipway and Hill 2012: Diagnosis of systematic differences between multiple parametrizations of warm rain microphysics using a kinematic framework.
Cloud microphysics: clima.github.io/CloudMicrophysics.jl/dev/



