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Tropical Cyclone Climatology in Neural GCM

Muchan Kim, Daehyun Kim

School of Earth and Environmental Sciences, Seoul National University

Deep learning—based atmospheric models are emerging as efficient alternatives to conventional
numerical models, offering reduced computational cost while retaining skill in representing key
atmospheric features. NeuralGCM is a hybrid model that combines a traditional dynamical core with neural
network—based physical parameterizations. We assess NeuralGCM’s ability to reproduce tropical cyclone
(TC) activity using a 36-member ensemble of 40-year (1981-2020) simulations. TC tracks are objectively
detected with a tracking algorithm that identifies surface low-pressure systems collocated with warm-
core structures. Despite NeuralGCM's relatively coarse horizontal resolution (~2.8°), it captures the spatial
distribution of TC genesis and track density. NeuralGCM also reproduces the basin-dependent seasonal
cycle of TC frequency and simulates realistic interannual variability of TC frequency. We find regional biases
in TC genesis in NeuralGCM, with genesis underestimated in the eastern North Pacific and North Atlantic,
and overestimated in the South Pacific. NeuralGCM demonstrates substantial skill in simulating the
climatology and variability of TCs across seasonal, interannual, and inter-basin scales. Our results suggest
that this new hybrid deep learning—based atmospheric model is a powerful tool for TC research.

Keywords: Tropical cyclone, Deep-learning weather forecasting model, NeuralGCM, Seasonal cycle,
Interannual variability
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Differentiable Discontinuous Galerkin Methods using Neural
Ordinary Differential Equations based on Source Term Correction

Shinhoo Kang

Department of Computer Software, Korea University Sejong Campus

Computational advances have fundamentally transformed the landscape of numerical simulations,
enabling unprecedented levels of complexity and precision in modeling physical phenomena. While
these high-fidelity simulations offer invaluable insights for scientific discovery and problem solving, they
impose substantial computational requirements. Consequently, low-fidelity models augmented with
subgrid-scale parameterizations are employed to achieve computational feasibility. We introduce an end-
to-end differentiable framework for solving the compressible Navier--Stokes equations. This integrated
approach combines a differentiable discontinuous Galerkin (DG) solver with a neural network source term.
Through the implementation of neural ordinary differential equations (NODESs) for network parameter
optimization, our methodology ensures continuous interaction with the governing equations throughout
the training process. We refer to this approach as NODE-DG. This hybrid approach combines the accuracy
of numerical methods with the efficiency of machine learning, offering the following key advantages: (1)
improved accuracy of low-order DG approximations by capturing subgrid-scale dynamics; (2) robustness
against nonuniform or missing temporal data; (3) elimination of operator-splitting errors; (3) total mass
conservation; and (4) a continuous-in-time operator that enables variable time step predictions, which
accelerate projected high-order DG simulations. We demonstrate the performance of the proposed
framework through numerical examples.

Keywords: neural ordinary differential equations, machine learning, Navier-Stokes equations,
discontinuous Galerkin method, differentiable solver
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