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Purely data-driven ML in water

* Examined comparison with in-situ data & long-term projections
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Multiscale soil moisture — learning from two teachers
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What is Differentiable Modeling?

NNs (“?”) mixed w/ process-based
equations (priors)

Breaks a problem into parts, with
some as priors

“end-to-end” training on big data

The priors constrain the learning to an
interpretable scope.

Can be used a forward simulator as
well as
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Drainage area (km?)
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LSTM Model

Basin averaged inputs th, A,

@ transformations

S: cell states
® multiply
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‘T_sand’, ‘T_silt, ‘aridity’, ‘glaciers’, ‘meanP’, ‘meanTa’,
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Multiscale LSTM
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Large-scale, operational
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Dataset

Available Observations Count per Gage on 457 Dataset
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Results

Time Series for Gage 01197500 (Test Period)
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Next steps:

e |ncorporate more input descriptors (connectivity? Buffer
strips? Aggregated Geomorphic units? Management?
Intersection(soll, slope, LULC)) and forcings (maximum
rainfall?)

e Include more sites for training, small and large

e Add physical constraints (sensitivity, variance, known
relationships)
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