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Abstract

We present FT-LaSDI (Fourier Thermodynamics-based Latent Space Dynam-
ics Identification), a three-stage reduced-order modeling (ROM) framework for
temperature-dependent mixing in quantum-statistical MD of carbon-hydrogen
plasmas. Using Sarkas with the Deutsch quantum statistical potential, we train on
selected temperatures and evaluate both training-rollout fidelity and interpolation.
On training temperatures, forecasting errors remain below 1% for the first half of
the trajectory and rise to ~10% by the final timestep; interpolation at 7.5 eV is not
yet successful (relative error >50%). Inference with FT-LaSDI yields an estimated
speed-up of 500 over full MD per trajectory, with a one-time training cost of 24
GPU-hours. This study highlights the promise of thermodynamically consistent
ROMs for MD-driven plasma dynamics and pinpoints loss weighting, optimizer
choice, and batch size as key levers for robust interpolation.

1 Introduction

Reduced-order models (ROMs) that preserve physical structure are increasingly important for accel-
erating high-fidelity simulations in computational physics. Classical ROM approaches such as proper
orthogonal decomposition (POD), dynamic mode decomposition (DMD), and Galerkin projection
have proven effective for many continuum problems, but they often struggle with systems that exhibit
strong nonlinearities, non-equilibrium behavior, or thermodynamic constraints. These challenges
have motivated machine-learning-based ROMs that explicitly encode conservation laws and entropy
dynamics.

Thermodynamically consistent approaches such as GENERIC Formalism-Informed Neural Networks
(GFINNs) [8] and their parametric extension pGFINNs [3] embed the GENERIC framework directly

Machine Learning and the Physical Sciences Workshop, NeurIPS 2025.



into latent neural dynamics, ensuring energy conservation and non-decreasing entropy. While
these models have shown strong performance on canonical PDEs, applications to particle-based
quantum-statistical molecular dynamics (MD) remain limited.

Fourier-domain methods have recently gained prominence in operator learning—most notably Fourier
Neural Operators (FNOs) [4], which use spectral convolution layers to efficiently capture parametric
PDE behavior. Although designed for continuum fields, their success highlights the advantages of
spectral representations for extracting dominant physical modes. This motivates our use of Fourier
projections to obtain low-variance, physics-aware features from noisy MD particle data.

In this work, we develop FT-LaSDI, a Fourier- and thermodynamics-based latent modeling framework
for temperature-dependent mixing in carbon—hydrogen plasmas simulated with Sarkas [1] using
the Deutsch quantum statistical potential [5]. These quantum-statistical MD simulations provide a
challenging testbed due to short-range correlations, temperature sensitivity, and microscopic noise.
FT-LaSDI smooths particle data, projects fields onto low-dimensional Fourier coefficients, compresses
them with an autoencoder, and evolves latent states using pGFINN dynamics that enforce GENERIC
degeneracy conditions.

Our study focuses on two questions: (i) how accurately FT-LaSDI can reconstruct and forecast
MD trajectories at training temperatures, and (ii) whether the learned latent dynamics interpolate to
intermediate temperatures. While training performance is strong, interpolation to 7.5 eV is not yet
successful, revealing sensitivities to loss weighting, optimizer choice, and latent dimensionality and
pointing to important directions for refinement.

Contributions. (1) Extension of thermodynamically consistent latent-dynamics models to quantum-
statistical MD of C/H plasmas with QSP interactions. (2) A Fourier-based feature pipeline, inspired
in part by spectral operator-learning approaches such as FNOs, enabling low-noise compression of
MD fields. (3) An empirical evaluation demonstrating accurate training reconstructions and forecasts,
along with a detailed analysis of interpolation failures and associated sensitivities.

2 Background

2.1 GENERIC Formalism

The GENERIC framework (General Equation for Non-Equilibrium Reversible-Irreversible Coupling)
[2, 6] expresses dynamics as
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where L is a skew-symmetric Poisson operator and M is a symmetric positive semi-definite friction
operator. The degeneracy conditions,
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ensure energy conservation (£ = 0) and entropy production (S8 > 0), encoding the first and second
laws of thermodynamics [8].

2.2 pGFINNs and Latent Dynamics

GFINNs embed the GENERIC structure into neural networks by parameterizing F, S, L, and M
with architectures that satisfy the required degeneracy conditions [8]]. The parametric extension,
pGFINNS, integrates parameter dependence directly into the latent dynamics, enabling interpolation
across physical parameters such as Reynolds number or plasma temperature [3].

Recent work on tLaSDI (thermodynamically consistent latent dynamics identification) further intro-
duced Jacobian-based regularization for improved generalization [[7]], which we incorporate here.

2.3 Method overview: FT-LaSDI pipeline

FT-LaSDI comprises three stages: (1) Fourier projection. Using periodic boundaries, we Gaussian-
smooth particle data to construct 1D density and velocity fields and project them to Fourier space,
yielding spectral coefficients; (2) Autoencoder reduction. A fully connected encoder—decoder
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