
Development of digital twin technologies for climate projections

Model 
These applications will utilize the latest versions of NASA Goddard Institute for Space 
Studies (GISS) Earth System Model (ModelE) (Kelley et al., 2020), including version E3 
which has a 1º cubed-sphere horizontal grid, more than 100 levels in the vertical and 
advanced moist physics, and has been calibrated to multiple observational datasets using 
a ML approach (Elsaesser et al., in prep). This method provides for a multi-configuration 
calibrated physics ensemble where members are ‘equally skillful’ compared to current 
observations but have different biases and sensitivities. 
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Abstract
Climate projections are increasingly needed for adaptation, climate resilience and related 
decision making. However, existing projections have systematic biases, are limited in 
scope, and are not readily available for most potential users. While the ideal of an 
observational data-driven ‘digital twin’ for climate is initially attractive, there is only a very 
limited set of climate data available with which to train such a tool. Nonetheless, we are 
confident that there is a role for ‘digital twin technologies’ in removing biases, increasing 
computational efficiency, expanding scenarios and data accessibility.  
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Discussion 
There are 8 billion stories in the naked digital twin universe, these were just four of them.

1. SMART-NINT
Can we learn from fully interactive composition modeling what the response and impact 
of key aerosol species will be in non-interactive (NINT) configurations? 
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where d8 is the position (latitude, longitude) of node 8 , ⌘(d) is the
altitude of the position d , and | | · | | is the L2-norm of a vector. � (·)
is the Heaviside step function,6 where� (G) = 1 if and only if G > 0.
3\ and<\ are the thresholds of distance and altitude, respectively.
In this paper, we set 3\ = 300:< for the distance threshold and
<\ = 1200< for the altitude threshold. That means, PM2.5 can
transport from one city to another only if the distance between
these two cities is less than 300:< and the mountains between
them are lower than 1200<.

After incorporating domain knowledge into node-, edge-attributes
and adjacency matrix, we construct a knowledge-aware PM2.5
graph for concentration prediction. Note there are three distinc-
tions in our graph. Firstly, we take 3 hours as the time interval for
the task. Secondly, we choose prefecture-level cities as the graph’s
nodes. Position and PM2.5 concentration of a city are calculated by
averaging the corresponding numbers of the monitoring stations
within the city. This allows us to focus on PM2.5’s long-term depen-
dency between cities. Thirdly, unlike previous work [16], the edges
in our graph are directed. By capturing these detailed information,
we �nally succeed in predicting the PM2.5 concentrations for future
72 hours.

3.4 PM2.5-GNN Model
As illustrated in Figure 5, the proposed PM2.5-GNN model consists
of two main components. A knowledge-enhanced Graph Neural
Network (GNN) is devised to capture pollutants’ horizontal trans-
port by leveraging neighboring information and updating nodes’
representations. A spatio-temporal GRU is applied after updates
to model pollutants’ vertical accumulation and di�usion under the
in�uence of weather.

Following the paradigm ofmessage passing [4, 27], the knowledge-
enhanced GNN learns representations by iteratively aggregating
neighboring information on the graph. This iterative process is for-
mulated as in Equation 7, where and� are di�erentiable functions.
At each time step, a node’s representation bC8 is obtained by concate-
nating the previous predicted PM2.5 concentrations -̂ C�1

8 and its
current attributes %C8 . An edge’s representation 4C9!8 is calculated
by combining its connecting nodes as well as its own attributes.
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Note that under our formulation, edge attributes &C
9!8 and edge

representations 4C9!8 are direction-aware. This kind of formula-
tion enables us to explicitly measure the in�uence between node

6https://en.wikipedia.org/wiki/Heaviside_step_function

Figure 5: The proposed PM2.5-GNN model consisting of a
knowledge-enhanced GNN and a spatio-tempo RNN.

neighbors. Given a node 8 , the transport from its neighbor 9 ap-
proximates to the di�erence between the import 4C9!8 and export
in�uence 4C8!9 , depicted as the orange and blue lines in Figure 5.
Then, the spatial correlation Z C8 for node 8 is calculated by sum-
marizing the in�uences from all its neighbors. After several steps
of recursion, each node on the graph is aware of others, and the
transport is captured using the encoded domain knowledge.

To learn the temporal di�usion of PM2.5, we devise a Recurrent
Neural Network (RNN) and apply it over the knowledge-enhanced
GNN. In speci�c, we adopt Gated Recurrent Unit (GRU) [3] as our
basic recurrent unit due to its advantage on capturing long-term
dependency. At each time step, the GRU cell takes as input the
combination of node’s representation bC8 and its spatial correlation
Z C8 . This allows GRU to also consider the spatial transport while
modeling the temporal di�usion. We depict the process of our
spatio-tempo GRU in Equation 8:
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where,I ,,A and, are the learnable parameters.
Based on the output of the proposed PM2.5-GNN model, we

�nally predict PM2.5 concentration by:

-̂ C
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where⌦ is aMulti-Layer Perceptron (MLP). As summary, we outline
the process of our PM2.5-GNN model in Algorithm 1 in Appendix.

4 EXPERIMENTS
In this section, we conduct extensive experiments to demonstrate
the e�ectiveness of PM2.5-GNN. Then, we carefully analyzewhether

We will use spatial-temporal CNN/GNN based modeling (Li et al., 2023; Wang et al., 
2020) to create a reduced order representation of the current & past atmospheric state, 
and a meta-learning based approach for different emission types or regions 
(Hospedales et al., 2020). Using MATRIX (Bauer et al., 2022) to inform NINT (Kelley et 
al., 2020). 

2. Scenario Emulator
Can we learn from existing projected scenarios what the climate impact of other 
scenarios would be? We are training an emulator on the CMIP6 SSP simulations and 
idealized results using the GHG and aerosol concentrations as predictors and hope to 
emulate climate impacts and internal climate variability from new scenarios with a 
fraction of the cost (e.g. Watson-Parris et al., 2023). 

3. Continuous Bayesian updating of assessed projections 
as new observations arrive
As new observations arrive as time passes, or new measurements become available, 
can we update our projections for the future based on an existing structurally diverse 
ensemble? Currently projections are made using a weighted assessment of the CMIP 
multi-model ensemble (Hausfather et al., 2022), but this is an ensemble of opportunity 
using model simulations with vastly different climatological skill. Using a calibrated 
physics ensemble allows for a more regular Bayesian updating.
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4. Large Language Model aided co-production of climate 
impacts 
Can we use the skill of current LLMs at interpreting natural language questions and 
writing functional code to let users generate bespoke diagnostics and context for their 
applications without needing a climate scientist to help?    
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