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Background

Molecular dynamic

Material property Ion transport in batteries Protein folding Membrane permeability

Molecular dynamic simulation: Simulation of the motion of a
large number of atoms within a system.

Motivation: fast molecular dynamics (MD) simulation

System is complex: tens of thousands of atoms

Long simulation: nanosecond to microsecond level

Large chemical space to simulate

High computational cost or even infeasible

Related work

Machine learning force field method

Ab initio method: 是一种基于量子化学的方法。通过求解与系统内所有原子相
关的薛定谔方程得到精确的原子之间作用力，进而模拟系统内的分子动力学-->很
精确，但是很慢，在原子数较多时基本不可行

Force fields method: 是一种基于经典力学的方法。原子之间的相互作用建模成
键合力和非键合力-->一般快，不是很精确

        键合力：通过键合原子之间的与距离相关的简单函数来描述，或者用原子之
间的角度和二面角来描述。
       非键合力：通过计算所有原子两两之间库伦力来描述。

 
Machine learning force field: 是一种基于机器学习逼近量子化学计算精度的
方式。通过supervise的方法，输入系统内的所有原子，输出原子之间的相互作用
关系。-->一般快，比较精确

Coarse-graining model Reduce system complexity

Shortage: 
 1. Hand-craft coarsening

 2. Not accurate enough for many real world application
 3. Slow (rely on coarse-graining force field)

Enhanced sampling method

Modify the potential energy surfaces to enable faster sampling of
transition between metastable states
Shortage: No dynamics

Machine learning generative modelling

Shortage: No dynamics

Method

Solutions to the above shortage

System is complex: tens of thousands of atoms Spatial coarse-graining

Long simulation: nanosecond to microsecond level
 

Very large time-integration step at nanosecond-
level without force computation

Large chemical space to simulate Learn from short MD trajectories and simulate
long trajectories for novel unseen systems

Framework

Overview

Preprocessing step

Fine-grain level single chain polymer Coarse-graining assignment Coarse-grained system

Embedding GNN

Graph processing with
graph neural networks

ICML'20-Learning to simulate complex physics with graph networks

Encoder

Objective: Learn a graph from give X

 is a 2-layers MLP that is independently
applied to each node
Ev

 is a 2-layers MLP that is independently
applied to each edge
Ee  can be displacement between the

positions of node i and node j
r  i,j

Processor
Objective: Generate a sequence of update latent graph

GN is a 7 layers MPNN

Decoder

 is a 2-layers MLP that is independently
applied to each node
δv

Representing MD
trajectories as time series of
graphs

Time variant graph: MD simulation trajectory is represented as a time
series of fine-level graphs { }. Each fine-level graph is represented as  G  t
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 atom information: invariant and variant feature

chemical bond

Learning CG-bead type embeddings with embedding GNN

Objective: Learn the node embeddings which contains no positional
information

Input: Time invariant graph that only contains atom type, atom weights,
bond types information

learnable atom type embedding: vector
 weight: scale

learnable bond type embedding: vector

Output: node type embedding for all  c  i
F v  ∈i
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Coarse-graining

Graph clustering CG model METIS

Construct CG graph states

Objectives: grouping atoms in
the same group into a CG-bead

Fine-level node feature:  v  =i,t
F [c  ,w  , x  ]i
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Create CG-bead: v  =m,t
C [c  ,w  , x  ]m
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Create CG-bond: if there exists a chemical bond
between a pair of atoms in group  and group C  m C  n

Create radius cut-off edge

Learning CG MD with Dynamics GNN

Input

Node feature

Edge feature,  indicate whether  is a CG-bond or is constructed
through radius cut-off 

c  m,n
C e  m,n,t

C

Dynamics GNN

Encoder MPNN

Decoder MLP on Node to learn the acceleration

Finally return 3-dimensional Gaussian distribution of acceleration for each
coarsen-grained node

Loss

Predict position

Predict the position using Euler integration

Learning to refine CGMD predictions with Score GNN

Noise Conditional Score Network (NCSN): NeurIPS'19 - Generative
Modeling by Estimating Gradients of the Data Distribution

Goal of NCSN here: Refine the results from Dynamics GNN

Langevin dynamics

Goal of NCSN

Train a score network
Loss function

Result

（a）Training和Testing是在同一个化学空间中，通过不同sample得到的
 （b）图中的  表示聚合物的旋转半径，这与聚合物在溶液中的流变性和致密性

有关，对于聚合物的设计很有用
（c）图中的每个点都代表一个system，其中y轴代表的是通过50k τ MD中得到
的每个系统的平均旋转半径，用x轴代表50k τ MD得到的每个系统的旋转半径

 （e）和（f）的模型是没有预测dynamics的，直接预测  
 （g）作者的方法是预测完系统的dynamics，然后根据这个dynamics trajectory

再计算旋转半径
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Relaxation time(弛豫时间): 达到热动平衡所需的时间

SPE: Solid polymer electrolyte 固体聚合物电解质
RDF: radial distribution functions 

Simulate Time-integrated
Coarse-grained Molecular
Dynamics with Geometric
Machine Learning
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