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MOTIVATION

● Inverse models are useful when z may be unobserved or difficult to determine. 

● Existing Inverse Modeling techniques can be quite compute intensive, as they require a large 
number of model runs (especially if z has a large dimension). 

● Our proposed approach aims to use a novel deep learning framework to efficiently and robustly 
compute z given xt  and yt.

● A wide variety of geo-scientific models can be considered as a mapping function between 
inputs xt(e.g. weather drivers, climate forcings) and outputs yt(e.g., streamflow in river basin, 
global average temperature). This relationship is dependent on a number of static parameters 
z (e.g. soil characteristics). 

Given xt and z, a forward model F 
can be used to produce yt.

Inverse models are used to 
construct z given xt and yt. 
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METHODS

• Learn embeddings as a function of driver-response data

• Self-supervision:
– Reconstruction Loss (L1)
– Knowledge Guidance (L2)

• Distance between embeddings of time series samples from the same entities 
should be smaller compared to samples from different entities

• Supervision using known physical characteristics (L3)
– Regression is used to map embeddings to actual characteristics. 
– If incomplete/uncertain physical characteristics are known during training

Embeddings

Objective: Learn time-invariant characteristics of a physical system

Ghosh et al, KDD 2022, https://dl.acm.org/doi/abs/10.1145/3534678.3539448



||   YEAR 2 ANNUAL MEETING

RESULTS

DATASET

NCAR’S CAMELS (Catchment attributes and meteorology for 

large-sample studies)

• 531 basins over CONUS

• Static Characteristics: 27 climate, geomorphology & geology 

features

• Dynamic Inputs: 5 meteorological Inputs

• Dynamic Output: Streamflow 

• Training years: 1999 to 2009

• Testing years: 1989 to 1999



● KGSSL is able to learn a generalizable function to impute characteristics
● Of 27 characteristics, 20 have corr>0.8, 14 have corr>0.9

● For some characteristics, reconstruction is poor
• For ex. area_gages2 (corr: 0.3) and geol_perm (corr: 0.56)
• characteristics are erroneous/uncertain 

• soil characteristics are aggregated for the entire basin
• rainfall doesn’t cover entire basin
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RESULTS

CAMELS catchment attributes



||   YEAR 2 ANNUAL MEETING

RESULTS

Distance matrix between basin pairs 

● Model trained in self-supervised manner
○ Reconstruction Loss (L1) and Knowledge Guidance (L2)
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● Distance between 
basin pairs using 
embeddings is very 
similar to physical 
characteristics
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RESULTS

● Forward model performance
drops significantly when 
basin-characteristics are noisy/uncertain

○ Kratzert et al, 2019

● Forward model using KGSSL embeddings 
performs significantly better even with 
limited observations. Model performance with corruption
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FUTURE PLANS

● Extend this deep learning-based inverse modeling approach for 
estimating unobservable static parameters for the Community 
Terrestrial Systems Model (CTSM). 
○ Use perturbed parameter ensembles from CTSM to build land surface model emulator that effectively captures the 

model structure of CTSM within a deep learning model. 
○ The emulator will then be used as the basis for the inverse modeling work and, when combined with in-situ 

observations, allow us to infer spatially heterogeneous static land surface characteristics.
○ We plan to develop this approach focusing, at first, on hydrologic processes within CTSM (streamflow, 

evapotranspiration, etc.). 
○ This initial focus will allow us to take advantage of extensive in-situ hydrologic observations (e.g., Catchment 

Attributes and Meteorology for Large-Sample Studies dataset). 
○ Moreover, our focus on streamflow will contribute to addressing known biases in streamflow generation in CTSM and 

will help improve the model’s ability to be used for impact relevant research (impact of climate change on floods, 
droughts, water resources,etc.).

● Study how other constraints (such as rotational invariance, 
transformation invariance, spatiotemporal invariance) and 
self-supervised training regimes can make the learning procedure more 
robust.
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DISCUSSION POINTS

● Explore additional opportunities for ML based inverse 
models in  climate modeling enterprise. 

● What additional types of scientific knowledge can be 
incorporated?
○ For instance, scientific knowledge about the underlying states of systems (such as soil 

water in the case of hydrology) that change with varying frequency may further drive 
innovation in designing the pretext tasks.

● How to handle spatial heterogeneity/distribution shifts
○ For example a test entity may be poorly represented in the training data used to build 

inverse ML model.




