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ABSTRACT

In drug discovery, molecular dynamics (MD) simulation for protein-ligand binding
provides a powerful tool for predicting binding affinities, estimating transport prop-
erties, and exploring pocket sites. There has been a long history of improving the
efficiency of MD simulations through better numerical methods and, more recently,
by augmenting them with machine learning (ML) methods. Yet, challenges remain,
such as accurate modeling of extended-timescale simulations. To address this issue,
we propose NeuralMD, the first ML surrogate that can facilitate numerical MD
and provide accurate simulations of protein-ligand binding dynamics. We propose
a principled approach that incorporates a novel physics-informed multi-grained
group symmetric framework. Specifically, we propose (1) a BindingNet model
that satisfies group symmetry using vector frames and captures the multi-level
protein-ligand interactions, and (2) an augmented neural ordinary differential
equation solver that learns the trajectory under Newtonian mechanics. For the
experiment, we design ten single-trajectory and three multi-trajectory binding
simulation tasks. We show the efficiency and effectiveness of NeuralMD, with
a 2000x speedup over standard numerical MD simulation and outperforming
all other ML approaches by up to ~80% under the stability metric. We further
qualitatively show that NeuralMD reaches more stable binding predictions.

1 INTRODUCTION

The simulation of protein-ligand binding dynamics is one of the fundamental tasks in drug discov-
ery (Kairys et al., 2019; Yang et al., 2020; Volkov et al., 2022). Such simulations of binding dynamics
are a key component of the drug discovery pipeline to select, refine, and tailor the chemical structures
of potential drugs to enhance their efficacy and specificity. To simulate the protein-ligand binding
dynamics, numerical molecular dynamics (MD) methods have been extensively developed. However,
the numerical MD methods are computationally expensive due to the expensive force calculations on
individual atoms in a large protein-ligand system.

To alleviate this issue, machine learning (ML) surrogates have been proposed to either augment or
replace numerical MD methods to estimate the MD trajectories. However, all prior ML approaches for
MD are limited to single-system dynamics (e.g., small molecules or proteins) and not protein-ligand
binding dynamics. A primary reason is the lack of large-scale datasets. The first large-scale dataset
with binding dynamics was released in May 2023 (Siebenmorgen et al., 2023), and to our knowledge,
we are now the first to explore it in this paper. Further, prior ML-based MD approaches limit to
studying the MD dynamics on a small time interval (1e-15 seconds), while simulation on a longer
time interval (e.g., 1e-9 seconds) is needed for specific tasks, such as detecting the transient and
cryptic states (Vajda et al., 2018) in binding dynamics. However, such longer-time MD simulations
are challenging due to the catastrophic buildup of errors over longer rollouts (Fu et al., 2022a).

Another critical aspect that needs to be integrated into ML-based modeling is the group symmetry
present in protein-ligand geometry. Specifically, the geometric function should be equivariant to
rotation and translation (i.e., SE(3)-equivariance). The principled approach to satisfy equivariance
is to use vector frames, which have been previously explored for single molecules (Jumper et al.,
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(a) GNN-MD (b) DenoisingLD (c) NeuralMD (d) Ground-Truth
Figure 1: Visualization of last-snapshot binding predictions on three PDB complexes. NeuralMD stays more
stable than DenoisinglLD, exhibiting a lower degree of torsion with the natural conformations. Other methods
collapse heavily, including GNN-MD and VerletMD, where atoms extend beyond the frame for the latter.

2021), but not yet for the protein-ligand binding complexes. The vector frame basis achieves SE(3)-
equivariance by projecting vectors (e.g., positions and accelerations) into the vector frame basis, and
such a projection can maintain the equivariant property with efficient calculations (Liu et al., 2023a).

Our Approach: NeuralMD. We propose NeuralMD, a multi-grained physics-informed approach
designed to handle extended-timestep MD simulations for protein-ligand binding dynamics. Our
multi-grained method explicitly decomposes the complexes into three granularities: the atoms in
ligands, the backbone structures in proteins, and the residue-atom pairs in the complex, to obtain a
scalable approach for modeling a large system. We achieve group symmetry in BindingNet through
the incorporation of vector frames, and include three levels of vector frame bases for multi-grained
modeling, from the atom and backbone level to the residue level for binding interactions.

Further, our ML approach NeuralMD preserves the Newtonian mechanics. In MD, the movement
of atoms is determined by Newton’s second law, F = m - a, where F is the force, m is the mass, and
a is the acceleration of each atom. By integrating acceleration and velocity w.r.t. time, we can obtain
the velocities and positions, respectively. Thus in NeuralMD, we formulate the trajectory simulation
as a second-order ordinary differential equation (ODE) problem, and it is solved using neural ODE.

Experiments. To verify the effectiveness and efficiency of NeuralMD, we design ten single-trajectory
and three multi-trajectory binding simulation tasks. For evaluation, we adopt the recovery and stability
metrics (Fu et al., 2022a). NeuralMD achieves 2000x speedup compared to the numerical methods.
We observe that NeuralMD outperforms all other ML methods (Zhang et al., 2018; Musaelian et al.,
2023b; Fu et al., 2022b; Wu & Li, 2023; Arts et al., 2023) on 12 tasks using recovery metric, and
NeuralMD is consistently better by a large gap using the stability metric (up to ~80%). Qualitatively,
we illustrate that NeuralMD realizes more stable binding dynamics predictions in three case studies.
They are three protein-ligand binding complexes from Protein Data Bank (PDB), as shown in Figure 1.

Related Work. We briefly review the most related work here and include a more comprehensive
discussion in Appendix A. Geometric modelings can be split into three categories (Liu et al., 2023a;
Zhang et al., 2023): invariant models that utilize invariant features (distances and angles) (Schiitt
et al., 2018; Klicpera et al., 2020), equivariant models with spherical frames (Smidt et al., 2018;
Musaelian et al., 2022), and equivariant models with vector frames (Jumper et al., 2021). This
also includes the works studying the protein-ligand binding (Stepniewska-Dziubinska et al., 2018;
Jiménez et al., 2018; Jones et al., 2021; Yang et al., 2023; Corso et al., 2023), but they are focusing
on the equilibrium state, not the dynamics. On the other hand, existing ML works have studied
molecular simulation (Zhang et al., 2018; Doerr et al., 2020; Musaelian et al., 2023b), and they can
be categorized into two groups, each with its respective limitations. (1) The first direction focuses
on predicting the energy (or force) (Zhang et al., 2018; Doerr et al., 2020; Musaelian et al., 2023b),
which is then fed into the numerical integration algorithm for trajectory simulations. (2) Another
research line directly predicts the atomic positions along the trajectories in an auto-regressive
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Figure 2:lllustrations of NeuralMD for protein-ligand binding dynamics. The landscape depicts the energy
level, and the binding dynamic leads to an equilibrium state with lower energy.For NeuralMD, the force
prediction follows the SE(3)-equivariance, and the dynamics prediction follows the Newtonian mechanics.

(AR) manner (Wu & Li, 2023; Arts et al., 2023; Fu et al., 2022b). Our work proposes a geometric
ML framework as an MD simulation tool to learn the protein-ligand binding dynamics. It is also
important to acknowledge the efforts of the whole community in constructing the datasets and
benchmarks, including MISATO (Siebenmorgen et al., 2023) and Geom3D (Liu et al., 2023a).

2 PRELIMINIARIES

Ligands. In this work, we consider binding complexes involving small molecules as ligands. Small
molecules can be treated as sets of atoms in the 3D Euclidean §pdeex (") g, wheref () andx (1)
represent the atomic numbers and 3D Euclidean coordinates for atoms in each ligand, respectively.

Proteins. Proteins are macromolecules, which are essentially chains of amino acids or residues.
There are 20 natural amino acids, and each amino acid is a small molecule. Noticeably, amino acids
are made up of three components: a basic amino groupy(;Nif acidic carboxyl group (-COOH),

and an organic R group (or side chain) that is unique to each amino acid. Additionally, the carbon
that connects all three groups is calléd. Due to the large number of atoms in proteins, this work
proposes a multi-grained method for modeling the protein-ligand complexes. In this regard, the

backbone-leveldata structure for each proteinfis () ; fx (P x ) x () gg for the residue type and

the coordinatesdfl C  C in each residue, respectively. (We may omit the superscript in the
coordinates of backbone atoms, as these backbone structures are unique to protein residues.) In
addition to the backbone level, for a coarser-grained data structure on protein-ligand complex, we
further consideresidue-levelmodeling for binding interaction§f (?); x (P) g, where the coordinate

of C is taken as the residue-level coordinate, x® , x{.

Molecular Dynamics Simulations.Generally, molecular dynamics (MD) describes how each atom
in a molecular system moves over time, following Newton's second law of motion:
d*x

F=m a=m qz @
whereF is the forcem is the massa is the acceleratiorx is the position, and is the time. Then,
an MD simulation will take Newtonian dynamics, an ordinary differential equation (ODE), to get
the trajectories, where such a molecular system can be a small molecule, a protein, a polymer, or a
protein-ligand binding complex. Theumerical methods for MD can be classi ed into classical MD
andab-initio MD, where the difference lies in how the force on each atom is calculatethitio MD
calculates the forces using a quantum-mechanics-based method, such as density functional theory
(DFT), while classical MD uses force- eld-based approaches to predict the atomic forces. More
recentlymachine learning (ML) methods for MD have opened a new perspective by utilizing the
group symmetric tools for geometric representation and the automatic differential tools for dynamics
learning (please check Appendix A for a more detailed discussion).

In MD simulations, the systems are considered to be either in a vacuum or with explicit modeling of
solvent or air molecules. The former is impractical in a real-world system, especially when the jostling



