Towards an aerosol-aware ML-based cloud microphysics parameterization in ICON
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» Stable decade-long simulations achieved » Aerosols influence cloud droplet number
concentration (cdnc) and thus precipitation and
radiative effects, yet aerosol effects are absent
from most ML microphysics frameworks

 Physical constraints (mass positivity + overshoot prevention) are necessary
for stability; strong offline performance alone is insufficient

 Climate metrics comparable to classical graupel baseline (temperature,

precipitation, water vapor) * Incorporating HAM-lite aerosol module [1] to

prescribe aerosol climatologies as an
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