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Differentiable Modeling (DM) HBY
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Differentiable Modeling (DM)
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Viability

NSE CDF for Distributed Models Vs. NWM3.0
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Introducing a Standard
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PyTorch Differentiable Modeling Framework

python ' 3.9-3.13 | & pypi v1.4.2 PyTorch 12.12.0
77 Ruff | € tests [passing | D01 '10.5281/zenodo.14868671 | license [NORECOmmercial (PSU):

MNILL v sndlimlal e Al dal [

8MG is a generic framework for building differentiable models that seamlessly couple neural networks with process- A H d ro é L 2
based equations, leveraging PyTorch's auto-differentiation for efficient, GPU-accelerated optimization. This is the =y y
fast, spiritual successor to HydroDL.

'L (train, eval, sim) J( S—

Differentiable Hydrologic Models

[ Data Loader J

—» Forward
<--- Backpropogation O tests [passing | 7 Ruff | license [NGRECommeErGEI(PSU)Y
- er:
Forcings, Or
Geopackage
Static Vars, etc. A library of hydrological models developed on PyTorch and designed alongside MG for the creation of end-to-end

— differentiable models, enabling parameter learning, bias correction, missing process representation, and more.




Not Another Sandbox

Motivation
Differentiable
Modeling (DM)

\ i Design

DM Framework

\ Impact
Applications &

Developments

Integration
Bridge to Operations



Like Dunes in the Wind

ADaily &hourly, distributed rainfallrunoff modeling on MERIRydroFabric
2018 Central Texas Flood Event

Song et al., 2025
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Like Dunes in the Wind

AGlobalscale, daily, distributed rainfalinoff modeling orMERIT
ASeamless simulations; 2.94 million catchments

Jietal., 2025
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CDF
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Like Dunes in the Wind
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Like Dunes in the Wind

ANaive + intelligent DNhultimodel ensembles
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Like Dunes in the Wind

AFoundation models
ARemotesensing, meteorology, gages, static features

AVariational data assimilation

ANew kernel design:

A>300x training speedugor lumped models
A>5x for distributed

AMore models;ecosystemLSMs
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Escaping the Lab Hourly Differentiable Modeling
Pennsylvania State Uni] Arrives in the NGIAB-NRDS
Researchers Leverage{ NextGen Ecosystem

February 20, 2026 - 9 min read
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A Integration withNextGen NextGen In A BodNGIAB)Delft-FEWS m] Fins

OHBV2.0: Differentiable Rainfall-Runoff Module

python 3.9-3.13 | # pypi [v0.5.3 PyTorch [2.12.0
7 Ruff | €) lint |passing | license [NoR=Commercial\(PSU)

OHBYV 2.0 is a state-of-the-art, distributed differentiable HBV model leveraging intelligent parameterization, big
data, and highly-parallelized GPU compute with PyTorch to deliver CONUS-scale, high-resolution inference of
parameters and fluxes.
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