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Abstract

The slow processes of stochastic dynamical systems can be captured by Molecular1

Dynamics (MD) simulations, which approximate transition matrices describing2

how probabilities evolve over metastable conformations. Standard approaches such3

as Markov State Models (MSMs) extract dominant conformations and transition4

statistics via eigendecomposition, but face scalability and generalization limits.5

Here, we introduce Schrödinger Bridge with Doob’s h-Transform (ScooBDoob),6

a discrete bridge-matching framework that models metastable dynamics by7

tilting MSM transition rates through Doob’s transform to generate optimal8

stochastic paths between prescribed initial and terminal ensembles. We show that9

ScooBDoob preserves spectral stability of slow modes during training, recovers10

rare transition pathways with density-aware regularization, and generalizes11

zero-shot across temperatures. Experiments on the Müller-Brown potential and12

the Aib9 peptide demonstrate accurate kinetics and robust endpoint-conditioned13

rollouts, highlighting broad applicability to biomolecular dynamics.14

1 Introduction15

Simulating molecular dynamics (MD) trajectories accurately and efficiently remains a fundamental16

challenge in computational chemistry, particularly when predicting rare transition events between17

metastable states [Lewis et al., 2025a]. Such events are crucial for understanding biological processes18

like protein folding, ligand binding, and conformational dynamics, but occur over long timescales,19

making direct computational simulations prohibitively expensive [Ghosh and Ranjan, 2020, Vincoff20

et al., 2025]. Markov State Models (MSMs) have emerged as a popular approach for approximating21

these slow processes by representing continuous trajectories as discrete microstates and modeling22

transitions between these states as Markovian jumps [Chodera and Noé, 2014, Trubiano and Hagan,23

2024, Pande et al., 2010]. By deriving transition probability matrices from MD data, MSMs efficiently24

summarize long-term dynamical behavior, significantly reducing computational complexity and25

enabling more tractable analysis of complex biomolecular systems [Chodera and Noé, 2014, Trubiano26

and Hagan, 2024, Pande et al., 2010].27

However, MSMs face substantial challenges in practice. First, eigendecomposition of transition28

matrices is a crucial step for extracting dynamical information, but can lead to numerical instability29

and inaccuracies if eigenvectors are unconstrained [Frank et al., 2022]. Unstable eigenvectors can30

produce physically unrealistic predictions, which undermines the reliability of MSMs for critical31

biological applications. Furthermore, MD simulation data is inherently sparse in regions of conforma-32

tional space that correspond to rare transitions, resulting in poorly estimated transition probabilities33

and limited predictive accuracy [Konovalov et al., 2021, Frank et al., 2022]. Sparse data render34

MSM-derived trajectories highly sensitive to sampling variability and noise, thereby limiting their35

generalizability to unseen conformations and conditions.36
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