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Overview
•What is the fundamental strengths of ML models compared to 

process-based models?

•What is differentiable modeling in geosciences? 

•Examples of differentiable modeling in geosciences?
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Ma et al., 2021, Transfer Learning 

Data-sparse region

Rahmani et al., 2021b, water temperature

Song, et al., 2023, Snow 
Water Equivalent 
(under review)

Multiscale soil moisture

Streamflow long-term projection or 
short-term forecast



The first phase of hydrologic DL
• Success:

1. DL models very often outperform existing models in accuracy: traditional 
models were flawed.
2. With some adaptations, DL can offer an ecosystem of services.
3. There is synergy of big data.

• Lessons:
1. DL models are still difficult to interpret or extracting scientific insights from.
2. Surrogate model 🡪 how to improve above the raw model?
3. May not learn causal relationships.
4. DL models are limited by the issues of their training data: 
Only output observed data; limited data quality; nonstationarity
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Similarity & Differences between deep learning 
(DL) and process-based models (PBM)?
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Purely data-driven NNs
Purely process-based 

models
Similarities
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Differentiable parameter learning
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Point #1. Data scaling relationships (network effect?)

Tsai et al. 2021, Nature Communications
M

or
e 

tra
in

in
g 

da
ta

1. dPL = SCEUA for lowest RMSE

2. dPL scales better with more data

3. Orders of magnitude more efficient

4.  (not shown) better results for 
untrained variables and better 
spatial generalization than 
traditional approach!

Relies on differentiable programming!



What is Differentiable Modeling (DM) in Geosciences?
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2 perspectives

Why is it difficult to understand ML
Why can we understand and learn DM better?

PriorNN



What does “Differentiable” mean?
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Adjoint State methodAutomatic differentiation
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Example 2. differentiable, learnable models to 
learn functions

Evolve model structure



Approaching deep networks! And….

•Output 
untrained 
variables.

•Multivariate 
constraints.

• It extrapolates 
better.

• It can help us 
answer 
questions!
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Caveat: not using the ensemble
-- first iteration. Priors do matter.



Great for extrapolation!

12Feng 2022b HESSD
https://hess.copernicus.org/preprints/hess-2022-245/
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What the ANN learned functions look like?

 

Blue line: original power law relation
Red dots: ANN simulations
Black lines: continuous plotting of ANN functions



Example 3. River graph
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Learn physics on the river graph
https://doi.org/10.1002/essoar.10512512.1 Bindas (revision)

https://doi.org/10.1002/essoar.10512512.1


15https://bg.copernicus.org/preprints/bg-2022-211/bg-2022-211.pdf

 Example 5. Ecosystem modeling
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Example 4. Water temperature modeling

Prior assumptions matter!



Example 5. Ongoing effort – using streamflow to learn 
precipitation bias

Simulation Forcings
Median 
NSE

Median 
KGE

Low flow RMSE 
(mm/day)

ET correlation 
with MODS

LSTM Daymet 0.747 0.720 0.249  - 

Differentiable HBV 
with bias correction

Daymet 0.745 0.748 0.122 0.82

Multiforcing with 
bias correction

Daymet, 
Maurer, NLDAS

0.770 0.780 0.082 0.81

NLDAS (0.56) > Daymet (0.41) > Maurer (0.03)

Low bias



Thank you!

CUAHSI cyberseminar series on 
BDML

WRR special issue on BDML

AGU Editor’s review
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