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Science Challenge 
Comprehensive models of many geophysical processes require a large number of state variables, 
disqualifying them for inclusion in Earth System Models (ESMs) for the foreseeable future. This white 
paper proposes the paradigm shift from the use of state variables representing explicit physical 
quantities to the use of machine-learning to create and integrate a compact, implicit representation of a 
physical system with a smaller number of state variables. As an initial application, we propose to create 
parsimonious machine-learned surrogate models of gas- and aerosol-phase chemistry and physics with 
the purpose of improving the accuracy of the representation of cloud formation and cloud-aerosol 
interaction in the E3SM model. This type of improved representation of cloud microphysics is critical 
for enhancing the predictability of water cycle extremes. 

Rationale 
Needs/gaps: Precipitation events depend on the formation and growth of aerosol cloud-condensation 
nuclei (CCN), which in turn depends on complex gas- and aerosol-phase chemical and physical 
processes (Riemer et al., 2019). For example, aerosol models that do not represent mixing state (which is 
the extent to which individual particles in the aerosol are composed of multiple chemical compounds) 
incur errors on the order of 100% in predicting CCN concentration (Riemer et al., 2019). Furthermore, 
many Coupled Model Intercomparison Project phase 6 (CMIP6) models, including E3SM, show high 
equilibrium climate sensitivity (ECS) (Zelinka et al., 2020). Such high ECS is related to the strong 
aerosol effective radiative forcing in E3SMv1 (Golaz et al., 2019). These results suggest that chemistry-
aerosol-cloud processes are poorly represented in the current generation of climate models. 

Barriers to progress: Faithfully representing these processes—and the resulting emergent phenomena 
such as aerosol mixing state—in ESMs using traditional methods will remain computationally infeasible 
for the foreseeable future.  
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Proposal: Instead, we propose the creation of machine-
learned surrogate models of this atmospheric chemical 
system for implementation in E3SM. We will create a set of 
models exploring the tradeoff between accuracy and number 
(e.g., ~15–100) of state variables. We have created similar 
models for use in regional air quality modeling with 
promising preliminary results. 

Benefits of the proposed approach: These surrogate 
models have the potential to accurately predict the emergent 
properties of the system—such as CCN formation and cloud-
aerosol interaction—while reducing computational 
requirements by orders of magnitude compared to traditional 
methods (Kelp et al., 2020). As an added benefit, they run 
natively on GPUs and application-specific integrated circuits 
(ASICs), allowing the full utilization of next-generation 
DOE computing capabilities. 

Narrative 
Problem: The transport of moisture in clouds is of primary 
importance in the water cycle: improving the predictive 
capacity of water cycle extreme events in ESMs will require 
an improved mechanistic representation of clouds, especially 
the deep convective clouds associated with storms. Deep 
convection, in turn, depends on number of complex factors—
one factor of primary importance is CCN formation. CCN 
formation in deep convective clouds itself depends numerous 
factors, including aerosol loading (Fan et al., 2013; Storer et 
al., 2014; Fig. 1) and aerosol mixing state (Riemer et al., 
2019; Fig. 2). Representing aerosol loading and mixing state 
using traditional methods requires a model of the gas- and 
aerosol-phase atmospheric chemical system with hundreds of 
advected tracers, at a minimum. 

Opportunity: In preliminary work, we have built machine-learned surrogate models of an atmospheric 
chemical system which can predict the time-evolution of its emergent properties while compressing the 
number of state variables held in memory from 104 to 16 (Kelp et al., 2018; Kelp et al., 2020). In an 

Key concept: Detailed aerosol properties are important—for example, neglecting mixing state alone 
causes CCN errors of ~100%—but are computationally infeasible to represent in ESMs using 
traditional methods. 
 

Figure 2. Illustrative example of the 
impact that aerosol mixing state can have 
on cloud droplet formation, specifically the 
ability of particles to act as cloud 
condensation nuclei (CCN). Reproduced 
from Riemer et al. (2019). 
 

Figure 1. Schematic illustration of storms in 
clean and polluted environments. Reproduced 
from Fan et al. (2013). 
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ongoing project funded by the US EPA (Grant No. #R840012; https://bit.ly/3peUyZD) we have 
developed a highly complex reference chemical mechanism that includes a detailed representation of 
aerosol nucleation and mixing state and are using it to train machine-learned surrogate models for use in 
regional air quality modeling. The methods we use to generate surrogate models for regional air 
pollution are flexible and can be repurposed to accurately predict CCN formation while requiring a 
minimal number of advected state variables. 

Approach: As part of the ongoing project described above we have coupled the MCM gas-phase 
atmospheric chemical mechanism (Saunders et al., 2003) with the mixing-state-aware PartMC-MOSAIC 
aerosol-phase atmospheric chemical mechanism (Riemer et al., 2009). A typical simulation with the 
resulting model includes ~5,000 gas-phase chemical species and 10,000 computational particles, for a 
total of ~15,000 state variables. We propose the following activities:  

1. Use the MCM-PartMC-MOSAIC reference model to generate a dataset quantifying how the 
atmospheric chemical system evolves from a wide range of initial conditions. 

2. Use the dataset to train and evaluate parsimonious surrogate models for predicting CCN 
formation and aerosol-cloud interaction.  

3. Implement the surrogate models in E3SM and evaluate against standard benchmarks, repeating 
steps 1 and 2 to update training data and algorithm structure as necessary. 

 
 
 
 
 
 
 

The results of these activities will be a series of surrogate models for atmospheric chemistry and CCN 
formation that are integrated into E3SM. The models will differ by the number of state variables 
required, with the smallest model requiring ~15 variables to be added to E3SM and the largest model 
requiring ~100 variables. This will allow for E3SM users to explore tradeoffs between accuracy and 
computational efficiency and will allow E3SM to fully utilize advances in computing hardware as they 
become available. Because the neural network algorithms and libraries that we use are almost 
exclusively comprised of linear algebra operations, they run on GPUs and other advanced hardware 
accelerators with little or no customization required. 

Data management: Machine learning models are comprised of an algorithm structure—usually 
represented as a computational graph—and a dataset of weights and biases that parameterize the model. 
We will make model architecture and parameters publicly available using a standard format such as 
ONNX (https://onnx.ai/), which facilitates implementation on different hardware systems. We will 
deposit our training data in a public archive such as https://zenodo.org/. We will additionally make our 
models available as software libraries on https://github.com/ and follow E3SM community guidelines 
when incorporating our results into that model. 

Key methodological consideration: Successful machine learning models typically use an 
inductive bias (i.e., the structure of the algorithm) that is well matched to the system being 
modeled. In ongoing (unpublished) work, we have developed a novel neural network architecture 
that predicts the flow of mass between chemical species and conserves the mass of each chemical 
element in the system to machine precision, while simultaneously learning to compress the system 
to a smaller number of variables. 
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