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Focal Area: We propose a novel hybrid modeling approach that combines a physics-based, 
numerical model of the Earth system with a machine learning model. We also envision to 
integrate the hybrid model training with a data assimilation cycle, so that new observations 
update both the state estimate used as initial conditions and the machine learning model 
parameters.  
 
Science Challenge: The proposed approach is envisioned to addresses the following challenges 
of Earth system modeling: (1) providing a scalable, highly efficient computational approach to 
combine numerical modeling and machine learning, (2) integrating “online” ML training into the 
data assimilation cycle (3) significantly improving the simulation and prediction of Earth system 
processes that are heavily influenced by the parameterization schemes of the numerical model, 
which include processes that involve or directly affect the water cycle. 
 
Narrative 
We propose the development of new methodology for the augmentation of a physics-based 
prediction system (community Earth system model) with a machine learning (ML) component. 
We envision the approach to improve the simulation and prediction of the Earth system through 
better utilization of the available observations. The key feature of the methodology is that all 
forecasts, including the short-term forecasts that define the background state estimate in data 
assimilation, are hybrid forecasts interactively combining forecasts by the original physics-based, 
numerical model and the ML model. In the hybrid-model based forecast system, analyses are 
used, not only to define the initial conditions of the forecasts, but also to correct the forecasts 
for the effects of model errors. Such corrections are expected to improve, in addition to the 
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accuracy of the forecasts, the quality of the analyses by improving the quality of the background. 
Our proposed hybrid methodology will not require making changes to existing numerical 
models and data assimilation systems, and the resulting hybrid model will be adaptable to 
future, improved versions of the numerical model by retraining the ML component.  
 
The term hybrid model usually refers to a physics-based, numerical model, in which the 
parameterization schemes are obtained by ML (e.g., Chevallier et al. 1998; Krasnopolsky et al. 
2005, Rasp et al. 2018; Brenowitz and Bretherton 2018 and 2019; Yuval and O’Gorman 2020). 
We propose a different approach, which was introduced by Pathak et al. (2018) and further 
developed by Wikner et al. (2020) for large, complex, spatiotemporal physical systems. In this 
approach, the physics-based numerical model is used as a black-box to provide a short-term 
prediction for each ‘time step’ of the hybrid model. (The hybrid model time step is typically longer 
than the numerical integration time step of the physics-based model.) The hybrid-model state at 
the end of the time step is obtained by an optimal combination of the numerical model prediction 
and a reservoir computing (RC) (e.g., Lukosevicius and Jaeger 2009; Lukosevicius 2012) based ML 
model prediction. Model forecasts are obtained by the iterative application of the ‘one-time-
step’ hybrid model. The parameters of the ‘optimal combination’ are determined by training the 
hybrid model on a long time series of archived analyses of past states of the system. Formally, 
the training is done by minimizing a quadratic cost-function that measures the difference 
between the one-time-step hybrid model predictions and the training data (analyses) over the 
training period.  An important property of the proposed approach is that it is highly scalable for 
a massively parallel computer architecture, which allows for a highly efficient training of the ML 
component for a high dimensional system such as a state-of-the-art Earth system model. We 
envision to further develop the hybrid approach by integrating “online” ML training into the data 
assimilation cycle, so that new observations update both the state estimate used as initial 
conditions and the ML model parameters. Preliminary work in Wikner et al. (2021), using offline 
training, shows the potential benefits of integrating ML training with the data assimilation cycle.  
 
Our group has already made significant progress towards developing a prototype system based 
on the proposed approach for a reduced resolution atmospheric global circulation model. Results 
for the ML component of this prototype were presented in Arcomano et al. (2020). We showed 
that the ML model outperformed the numerical model in the prediction of the near-surface 
atmospheric state variables. The advantage of the ML model was particularly large for the state 
variable that described atmospheric moisture. A full hybrid model version of the prototype 
already exists. Preliminary results with this system, which will be described in a soon-to-be-
submitted paper (Arcomano et al. 2021), show that the hybrid model vastly outperforms both 
the numerical and the pure ML model. Based on these highly promising early results, we are 
confident that the proposed approach would also improve the simulation and prediction of 
processes that are heavily influenced by the parameterization schemes in a state-of-the-art 
numerical model of the Earth system. As many of these processes involve or directly affect the 
water cycle, we believe that the proposed approach has a great potential to improve the 
simulation and prediction of the water cycle. 
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