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Parameterized cloud processes control climate sensitivity

Schneider et al., Nat. Clim. Change (2017)

Low-cloud resolving models: ~10 m resolution



Physics-based parameterization outputs are not always observable

Sherwood et al., Nature (2014)

Turbulence and Convection Model (EDMF)

not observable 

Cohen, Lopez-Gomez et al., JAMES (2020) 
Lopez-Gomez et al., JAMES (2020)



Learning about unobservable processes as an inverse problem

Lopez-Gomez et al., under review (2022)

Singer, Lopez-Gomez et al., JAS (2021)
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Solving the inverse problem with Kalman inversion

1. Create a parameter ensemble from a  prior:

2. Evaluate the data-model mismatch of each ensemble member:

3. Update ensemble:

Embarrassingly parallel

Gradient free (black box), 
>100 times cheaper than MCMC

Iglesias et al., Inv. Prob. (2013)
Lopez-Gomez et al, under review (2022) Modification robust to model failures

Allows approximate Bayesian inference



Application to model of turbulence and convection

Adapted from Shen et al., JAMES (2022)

Data (GCM-forced LES):

- 60 AMIP sites (training), 

- 10 AMIP4K sites (validation).

- Learn from time-averaged observable 
thermodynamic profiles (long-term online 
skill).

Model (EDMF):

- Single-column configuration.

- GCM large-scale forcing, nudging. 

- Empirical and neural network closures (still 
sparse, 16-100 parameters).



Application to model of turbulence and convection

Still very relevant for CMIP6!

Konsta et al., GRL (2022)

Shen et al., JAMES (2022)



AMIP 4K (validation set)

Liquid water Total water Moisture flux

Validation results for empirical and hybrid models

- Strong generalizability of 
empirical and hybrid models.

- Trained models do not blow up, 
due to training on long time 
averages.

- Easy way to compare long-
term skill of trained 
parameterizations.

Lopez-Gomez et al, under review (2022)



Uncertainty quantification to inform observing system needs

Prior

Observations at 50 m vs 200 m vertical resolution

Lopez-Gomez et al, under review (2022)

Insensitive parameterSensitive parameter

Liquid water



Conclusions

1. Kalman inversion methods enable learning about unobservable processes from indirect 
data, or climate-relevant targets.

2. They enable training non-differentiable (e.g., stochastic) models with arbitrary structure.

3. They can be used for model training (MAP), or approximate Bayesian inference (UQ).

4. Hybrid physics-based models trained on long-term statistics are stable, generalize, and 
show potential to reduce uncertainty in low-cloud feedbacks (to be seen in a full GCM 
implementation).


