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Focus Area(s) 
How can AI deepen our physical understanding of turbulence and moist processes from ARM data 
(area 3), and improve E3SM global simulations of clouds and precipitation (area 2)? 
 
Science Challenge 
Improving simulations of clouds and precipitation is the central challenge in reducing present-day 
biases and future projection uncertainties in Earth System Prediction models such as the DOE 
Energy Exascale Earth System Model (E3SM). To “advance a robust predictive understanding of 
Earth’s climate and environmental systems”, the DOE Atmospheric Radiation Measurement 
(ARM) user facility was created three decades ago for high-quality ground-based observations. 
While our physical understanding of cloud processes has improved, models continue to suffer from 
long-standing biases. We believe that AI offers an unprecedented opportunity to improve the 
prediction of clouds and precipitation by building a bridge between ARM data and E3SM. 
 
Rationale 
Physical processes driving clouds (such as cloud microphysics and turbulence) operate at scales 
of meters or less. Even on upcoming Exascale supercomputers, global cloud-resolving models, 
such as the Simple Cloud-Resolving E3SM Atmosphere Model (SCREAM), will at best offer a 
horizontal resolution of 3 km for relatively short simulations of a few years. Decadal- or century-
long simulations will continue to rely on models with coarser resolutions (10 to 100 km). In other 
words, cloud processes cannot be explicitly simulated in climate predictions and will remain 
unresolved for decades to come. As such, approximate artificial representations of the net effect 
of sub-grid scale cloud motions and processes must be constructed. The greatest uncertainty in 
model formulation lies in these cloud-related representations and cascades into systematic regional 
biases and future prediction uncertainties. This is the cloud parameterization challenge. 
 
Narrative 
For three decades, ARM has sampled the world’s most prominent cloud regimes at various 
locations. ARM offers high-accuracy data with high temporal and vertical resolutions through co-
located advanced profiling of clouds, turbulence, precipitation, and atmospheric conditions. 
Furthermore, ARM data is complemented with selected high resolution large-eddy simulations 
from LASSO (LES ARM Symbiotic Simulation and Observation workflow). While ARM data has 
been incorporated into many studies, most were discrete in time and space. With the aid of AI, 
we propose to establish a pathway to leverage the comprehensive use of ARM data across all 
sites for a process-oriented improvement of cloud parameterizations. This pathway will 
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evolve with the decadal development of ARM with 
the goal of enhancing E3SM global representation 
of clouds and precipitation in present-day and future 
climates. This pathway consists of two parts. 
 
1. AI driven ARM data exploration and modeling 
Clouds are known to organize in regimes, which are 
typical spatiotemporal patterns in which small-scale 
motions organize to form larger cloud structures. 
Successful representations of cloud regime 
transitions are extremely important metrics for model performance. Supervised learning 
algorithms (i.e., XGBoost, CNN, ResNet), which are trained using labeled cloud classification 
data, can considerably ease the burden of labeling and support many down-stream cloud modeling 
tasks. However, such algorithms only mimic our preconceived notions. Deep learning self-
supervised techniques (i.e., MOCO, SIMCLR) for feature representation and class labeling can 
verify or challenge our preconceived cloud regimes notions and reveal novel findings.  
 
Modeling clouds requires parameterizations that represent the net effect of sub-grid cloud 
processes as a function of large-scale conditions. Can AI establish such physical relationships 
which are often multivariate and nonlinear? ARM data can directly serve as training data to build 
physics guided neural network (PGNN) parameterizations targeting specific processes. As 
illustrations, Chiu et al. (2020) derived a new rain formation parameterization that not only 
outperformed traditional ones, but also revealed the importance of a key missing input. Zhang et 
al. (2020) used XGBoost to improve deep convection trigger functions which outperformed 
traditional CAPE-based triggers and demonstrated possible physical interpretations of the 
machine-learning model. We seek to apply AI techniques to a much broader range of problems, 
focusing on known deficiencies of E3SM parameterizations. ARM data is particularly well suited 
to target the long-standing continental dry and warm bias, as well the poor simulation of low-level 
clouds in global models. Because cloud parameterizations must be applicable everywhere and at 
all times, they must be robust. To test the robustness of machine-learning derived relationships, 
they can be trained with a subset of cloud regimes and then cross-validated with different regimes.  
 
Because the governing physics is universal, we seek robust machine-learning parameterizations. 
ARM might have sampled data densely distributed around certain parameter spaces. Can AI 
generalize what is learned from a few sites to global scales? Entity embedding may help close this 
gap. A deep neural network can be trained to represent how clouds vary with atmospheric 
conditions and site properties. A further investigation of the distribution of the entity embedding 
vectors, and how they relate to climate regimes, can help determine the representativeness of ARM 
data, guide future deployments, and inform how to generalize cloud parameterizations. 
 

Figure 1, Process-level improvement of E3SM global 
simulation using ARM data through deep learning, 
classification/generalization and calibration. 
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2.  AI enhanced cloud parameterizations 
Deficiencies in traditional parameterizations can be broadly categorized as follows. A 
parameterization is structurally sound but requires parameters to be calibrated to match 
observations. Alternatively, a parameterization is structurally deficient, if for example it fails to 
consider important inputs. Machine learning can help in both instances. 
 
A number of machine-learning techniques exist to accelerate parameter calibration (e.g., Bayesian 
inversion, Ensemble Kalman methods, History matching). For example, Cleary et al. (2021) 
proposed a cheap and effective strategy including calibration using ensemble Kalman inversion, 
training of an emulator for the parameter-to-data map calibration, and Bayesian inversion using 
MCMC sampling based on the emulator. In some situations, it might not be possible to find a 
single best parameter value to optimize model performance. Instead, it might be judicious to seek 
a PDF of values. Exploring the regime dependency of the PDF can help uncover structural 
deficiencies (for example if a parameter takes different values for different cloud regimes). 
 
To address structural deficiencies, one can substitute a piece of the existing model physics with a 
corresponding machine learning derived parameterization. This can be a relatively small piece, 
such as rain formation or convection trigger mentioned above, or a much larger piece, possibly 
even an entire cloud physics component (for example deep convection). This is expected to be an 
iterative process since it cannot be known a priori which combination of machine learning based 
and traditional physics parameterizations will yield the most benefits. It might also be possible to 
remedy the structural deficiency in traditional parameterizations by adding missing dependencies 
discovered through machine learning, thus providing physical insight into the improvements. 
 
To efficiently test alternate parameterizations, we envision a combination of single-column model 
(SCM) and global simulations. SCMs are computationally cheap and can efficiently explore a large 
parameter space for the process-level calibration. However, care must be taken that the selected 
SCM cases are representative of global simulations; this can be done by ensuring that each 
identified cloud regime is well represented. SCM results can be evaluated directly against ARM 
observations, or against identically forced high fidelity LES. Global tests can subsequently be 
executed on a subset of the parameter space established from the process-level calibration. Novel 
AI techniques (Caldwell et al, AI4ESP whitepaper) may further accelerate global testing. 
 
Summary 
AI opens up unprecedented opportunities to use ARM observations for improving cloud 
parameterization in E3SM. This won’t be easy, but we believe that there is a pathway for 
transformative changes in cloud parameterizations that will result in a vastly improved simulation 
of the water cycle. The next decade promises to be exciting! 
 


