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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?

]
nature reviews [a¥a) r’[h & environ ment https://dol.org/10.1038/543017-023-00450-9

Perspective | ® Check for updates

Differentiable modelling to unify
machine learning and physical
models for geosciences

A list of authors and their affiliations appears at the end of the paper
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Streamflow long-term projection or
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Hydrological
Processes
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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



Similarity & Differences between deep learning
(DL) and process-based models (PBM)?

. Purely process-based
Purely data-driven NNs
models
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Point #1. Data scaling relationships (network effect?)

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!
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What is Differentiable Modeling (DM) in Geosciences?

2 perspectives

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

Prior

- Purely data-driven ML: y = g"(x) -




What does “Differentiable” mean?

* The ability to rapidly compute gradients Z—g

* Enabling training by gradient descent
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Example 2. differentiable, learnable models to
learn functions

a Differentiable hydrological model using Process-based model component
a process-based model as a backbone e S e e e e S
I Precipitation 1
l : _ - Temperature i
1 Evapotranspiration I
: i 1 l Snowfall i
| 1
ﬁ".“f."f’ie_ [ssmiing WENREONETS (At (eponailion). | . Rainfall Snowpack (5 ) i
[ | 1
i Attributes L | l Meltwater l
3 [ | 1
 Soil, land cover, Neural network unit | Soil moisture (S |
! geology. others... Sasagy | | :
— 1 1
i : T - i Neural network |
! Forcing N iy s BB %u replacement (optional) :
! Precipitation, Dynamic 8 | | B [ 8 8 !
| temperature... galA.x) o , R :
| - = . Fast runoff |
! 11 Reservoir upper zone (3-.;} ~a .
1 == iy, ¥ 0 1
:_ ____________________________________________ ! i 4 . 8 "0 i Total ! Observed
! : I Percolation £ N runcff ! runoff
E Reservoir lower zone (S) —————— Q-Ju S e Cun
i g Slow runoff |
|—+ Forwardrun =-- Loss backpropagation |L_________________________________________'_u __________________________ |
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models with multiphysical outputs can approach state-
of-the-art hydrologic prediction accuracy
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First published: 19 September 2022 | https://doi.org/10.1029/2022WR032404



Approaching deep networks! And....

b pifferentiable Model approaches ML performance and
outperform PBM for volumetric streamflow prediction
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Caveat: not using the ensemble
-- first iteration. Priors do matter.

€ Predictionin Ungauged Regions:
Differentiable model surpasses ML

Simulated trend (m®/sfyear)

PUR

Annual mean Qg
R*=0.64 R*=0.27
RMSE=0.418 RMSE=3.540

[a I
(8]

Data-driven LSTM

R?=0.88 R?=0.78
RMSE=0.287 RMSE=2.732

Observed trend
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Data-driven
LSTM

Differentiable
model Delta

(B v)



(a) B: in- sample
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Great for extrapolation!

€ Predictionin Ungauged Regions:
Differentiable model surpasses ML

Feng 2022b HESSD
https://hess.copernicus.org/preprints/hess-2022-245/
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What the ANN learned functions look like?
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Example 3. River graph

(a) JRB HU10 Watersheds and USGS Gage Information
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Learn physics on the river graph
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Example 4. Water temperature modeling

Example 5. Ecosystem modeling

(a) Temporal holdout test for the following system

Comparing stream temperature performance of four models
with previous studies Corr RMSE Bias NSE
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Example 5. Ongoing effort — using streamflow to learn
precipitation bias

NLDAS (0.56) > Daymet (0.41) > Maurer (0. 03)

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09
w1l (Maurer)

w0 (Daymet) w2 (NLDAS)

Low flow RMSE | ET correlation
(mm/day) with MODS

LSTM Daymet 0.747 0.720 0.249

Differentiable HBV

. . ) Daymet 0.745 0.748 0.122 0.82
with bias correction

Multiforcing with Daymet,
bias correction Maurer, NLDAS

0.770 0.780 0.082 0.81

wsum (Sum of Weights)
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