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Abstract
The central idea of this project is that a deep learning framework can be used to identify or 
reconstruct static characteristics of an environmental system given its input and output over 
time. 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. However, 
z may be unobserved or otherwise difficult to determine. Inverse modeling techniques can be 
used to reconstruct z given xt and yt. Such 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.

Preliminary Approach: 
Inverse Model
● An inverse model that uses a knowledge-guided 

self-supervised learning algorithm and the 
limited data on basin characteristics to generate 
new data representations.

● A contrastive loss that encourages the 
embeddings generated from the driver-response 
relation for the same river-basin at two different 
years to be similar, and the embeddings 
generated for the different river-basin at any 
years are forced to be different.

Figure 2: (A) Forward model which uses 
meteorological drivers (xi

t) and entity characteristics ( 
(zi)) to predict response(yi

t)

Figure 1: Architecture of the proposed inverse model

Results

Next Steps
● Our project aims to deploy the general approach 

to deep learning-based inverse modeling in the 
context of estimating unobservable static 
parameters for the Community Terrestrial Systems 
Model (CTSM). Combined with recent work 
developing perturbed parameter ensembles from 
CTSM, we will build a 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.).

● Incorporating temporal invariance using 
contrastive loss has shown promise. Hence we will 
study how other constraints (such as rotational 
invariance, transformation invariance, 
spatiotemporal invariance) and self-supervised 
training regimes can make the learning procedure 
more robust.

Collaboration Ideas
● We would like to explore opportunities for ML 

based inverse models that may arise in any 
component of climate modeling enterprise. 

● There is a tremendous opportunity for 
incorporating additional types of scientific 
knowledge in our ML framework? 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 the situations where a test entity 
may be less well represented (or not represented) 
in the training data used to build our inverse ML 
(this is bound to happen given high degree of 
heterogeneity in the data)?

Methods
Sequence Encoder:

○ Sequence encoder is used to encode the temporal information 
and the interaction between the driver and response in these 
sequences. 

○ Bidirectional LSTM based encoder

Reconstruction Loss
○ To preserve the key information from driver-response data, we use

a standard LSTM based decoder

Knowledge-guided Contrastive Loss
○ Each entity’s response to a given driver is governed by 

complex physical processes captured by its inherent physical 
characteristics that remain constant through time

○ This physical knowledge of entities is used to define a
self-supervised contrastive loss

PseudoInverse Loss
○ If some entity characteristics are known 

(albeit noisy/uncertain), a PseudoInverse loss is used to utilize 
incomplete/uncertain missing entity characteristics as a source
of supervision

DATASETS
● Sources: 531 basins across the 

continental US from continental 
scale  CAMELS dataset

● 27 static characteristics related to 
climate, geomorphology, geology

● Dynamic Inputs: 5 meteorological 
Inputs(daily precipitation, daily 
minimum air temperature, daily 
maximum air temperature, average 
short-wave radiation, and vapor 
pressure)

● Dynamic Output: StreamFlow 

Figure 3: Scatter plot of the CAMELS Estimates for static characteristics (x-axis) for the testing basins vs. 
reconstructed annual characteristics (y-axis)

Figure 4: Represents pairwise distance matrices for 531 catchments. Fig (a) Entry (i,j) is the pairwise 
distance between characteristic vector of catchments i and catchment j; Fig (b) Entry (i,j) is the pairwise 
distance between embedding vectors generated using KGSSL for catchment i and catchment j 
(c) Correlation of each dimension of the learned embeddings 
with each physical characteristics

Figure 2: (B) The inverse model which approximates 
entity characteristics (zi) by inverting the forward 
process.


