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Example 3. differentiable, learnable models to
learn functions e
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But....

Approaching LSTM!
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What the ANN learned functions look like?
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Point #1. Data scaling relationships (network effect?)
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What is Differentiable Geoscientific Modeling (DG)?

Inserting “?” anywhere

Differentiable process-based
modeling

fQu,x,6, NNY(u,x,6)..)=y < ' optimal” | Process-Based

2 perspectives

replacing a n)edul{e in a model

I _ I . : B
f(%./\«!\ﬁgg/,, 6, ..) =[x N

- / """ / """"
6L6
Forcings ~ | _@

/\\' (Qarameterization:;
Attributes T

searchable function space



0.035

0.030

©
o
N
w

Manning's n

0.020

0.015

40°25'

-
01563500

Legend

' Inner USGS Gages
Q Output USGS Gage

Learned Parameter Values from Trained Model

@

Example 2. River graph
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Example 3. Ecosystem modeling

photosynthesis
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(a) Temporal holdout test for the following system

Corr RMSE Bias NSE
Runs (pmol m™ s™) (nmol m~ s™)
Train Test Train Test Train Test Train Test

Vaer+Baet 0.565 6.780 1.476 0.041
Vaer+Baet ™ 0.592 5.488 1.034 0.318
VaertB 0.678 0.547 5.887 6.730 1353 1.754 0.321 -0.084
V+Baer 0.769 | 0.593 4.595 5.677 -0.129 -1.368 0.587 0.229
V+B 0.800 | 0.748 4.299 4.421 0.037 0.347 0.638 0.532 I
V+B ™ 0.774 | 0.768 4269 4.198 0.056 0.092 0.597 0.581

** refers to using C3_only plants in dataset
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Example 4. Multiscale soil moisture — learning from two
teachers
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