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Abstract

A novel methodology is introduced here to generate coarse-grained (CG) represen-

tations of molecular models for simulations. The proposed strategy relies on basic

graph-theoretic principles, and is referred to as graph-based coarse-graining (GBCG).

It treats a given system as a molecular graph, and derives a corresponding CG repre-

sentation by using edge contractions to combine nodes in the graph, which correspond

to atoms in the molecule, into CG sites. A key element of this methodology is that the

nodes are combined according to well defined protocols that rank-order nodes based

on the underlying chemical connectivity. By iteratively performing these operations,

successively coarser representations of the original atomic system can be produced to

yield a systematic set of CG mappings with hierarchical resolution in an automated

fashion. These capabilities are demonstrated in the context of several test systems,

including toluene, pentadecane, a polysaccharide dimer, and a rhodopsin protein. In

these examples, GBCG yields multiple, intuitive structures that naturally preserve

the chemical topology of the system. Importantly, these representations are rendered

from algorithmic implementation rather than an arbitrary ansatz, which, until now,

has been the conventional approach for defining CG mapping schemes. Overall, the

results presented here indicate that GBCG is efficient, robust, and unambiguous in its

application, making it a valuable tool for future CG modeling.

1 Introduction

Molecular simulations are widely used in the study of physical, chemical, and biological sys-

tems. However, many interesting phenomena–protein folding, macromolecular self-assembly,

polymer rheology, etc.–involve spatiotemporal scales that are generally inaccessible by naive

simulations with atomistic models. To reach such scales, a number of coarse-graining strate-

gies have been proposed in which groups of atoms are combined or lumped into individual

interaction sites.1–5 Coarse-grained (CG) models are widely used to explore behaviors at
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mesocopic length and time scales, to engage in high-throughput studies in both chemi-

cal and state space, and to make insightful interpretations of experimental observables.6

Coarse-grained models are also critical components of multi-scale simulation techniques that

actively employ atomistic and CG representations in the same simulation, such as in adaptive

resolution and hybrid resolution modeling.7–9

Development of CG models generally involves two interrelated challenges.10,11 The first is

to define a set of representations that describe the system components, and the second is to

define a set of interactions that describe how those components are influenced by each other

and/or by external conditions. While some CG models aim to capture essential physics and

provide general insights, permitting abstract representations that have simple, phenomeno-

logical interactions like the Gō model for proteins,12 the dynamic bond percolation model

for ion transport,13 or the bond-fluctuation model of polymers, many CG descriptions aim

to retain chemical specificity and provide quantitative predictions. The representations and

interactions in these models are frequently derived from higher-resolution models, generally

atomistic, as part of bottom-up or multiscale modeling strategies.1

Over the last two decades, significant efforts have been devoted to the issue of deter-

mining interactions in CG descriptions. This is highlighted by the advent of a wide array

of methods14–19 that compute coarse-grained potentials from more detailed system descrip-

tions and the development of various software packages that facilitate application of these

methods.20–24 In contrast, the issue of generating suitable CG representations, or mapping

schemes, has received relatively little attention, despite it being a keystone to any coarse-

graining problem.25

In the majority of applications, CG representations are introduced as an arbitrary ansatz

that maps groups of atoms to CG sites for which appropriate coarse-grained potentials

can then be developed. The mapping schemes are frequently based on physical intuition,

chemical intuition, or even convenience. CG sites may represent functional groups, residues,

or monomers; or, they might target a specific resolution, such that each CG site represents
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n atoms, or m CG sites represent a particular molecular moiety. Because the procedure for

defining representations is not rigorously defined, different representations can be separately

conceived for the same system, leading to possible ambiguities and issues with reproducibility

and the general usefulness of the model. Importantly, the choice of a CG mapping can

also affect the transferability and predictive capabilities of a model.25 Even in cases where

the CG mapping appears straightforward, the actual tasks of creating and applying a CG

mapping can be tedious and error-prone.22 Existing tools22 that facilitate producing ansatz

CG representations become cumbersome for macromolecules and polymers. As discussed

below, few tools or methodologies are available for automated, systematic generation of CG

representations.

Efforts to develop systematic methodologies for defining CG representations for simula-

tions have largely been restricted to applications concerning large biomolecules.26–31 In gen-

eral, the essence of these methods is to determine the positions and connectivity among a cho-

sen number of sites as part of an optimization problem. Approaches like shape-based coarse-

graining, which aims to reproduce the shape and moment of inertia of a target molecule via

adaptive Delaunay triangulation,27 are based mostly on structure. Meanwhile, approaches

such as the essential-dynamics coarse-graining method,28 which variationally determines CG

sites to approximate modes from a principal component analysis of an atomistic MD trajec-

tory, are based on dynamic analysis of higher-resolution data. Because the optimization can

be mathematically complex and/or require higher-resolution data that may be infeasible to

generate,30 several approaches26,29,30 impose the framework of elastic network models, which

are already coarsened representations, to derive the distribution of CG sites. Through iter-

ative normal-mode analysis of elastic network representations, the recently developed Dec-

imate method31 generates a consistent hierarchy of models, which is an attractive feature

for potential CG modeling. Although these strategies are viable for biomolecular complexes,

strategies for general molecular coarse-graining are still needed.

In this work, a graph-based coarse-graining (GBCG) approach is proposed to system-
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atically generate CG representations. The essence of the methodology is to represent the

chemical connectivity of a molecule as a molecular graph, mapping atoms (or CG sites) to

nodes and bonds to edges, and to derive successively coarser representations through the

basic graph operation of edge contraction. The result of this procedure is a consistent, hier-

archical set of possible CG representations that may be further parameterized and employed

in stand-alone CG simulations or in multi-resolution modeling applications that can exploit

the use of CG representations with varying spatial resolution. One attractive feature of

GBCG is that the CG representations naturally preserve the chemical topology of higher-

resolution representations because the graph-reduction process is intrinsically tied to the

chemical connectivity. Consequently, GBCG typically produces intuitive representations,

but as a byproduct of a simple, robust, systematic, and unambiguous protocol rather than

by ansatz. Several illustrative examples are presented here, ranging from simple molecules

to complex polymers, to demonstrate the generic capabilities and implementations of the

method.

2 Theory and Methods

2.1 Basic GBCG algorithm

The proposed graph-based coarse-graining (GBCG) begins with the representation of a

molecule as a molecular graph.32,33 In particular, the initial graph is defined as G(0) =

(V(0), E (0)) where V(0) denotes a set of N vertices, or nodes, that correspond to atoms in

the molecule and E (0) denotes a set of M edges that correspond to chemical bonds between

atoms. The ith vertex is associated with the ith atom, which has a mass mi and a position

ri. The number of edges incident to the ith vertex is quantified by its degree di. Because

bonding occurs between pairs of atoms, G(0) is an undirected graph that is conveniently

represented with its vertex adjacency matrix A(0)–a square, symmetric N ×N matrix with

elements A(0)
ij = A(0)

ji = wij if atoms i and j are bonded and zero otherwise; equivalently,
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one may utilize adjacency lists to encode the same topological information. The undirected

graph representation for an example molecule is shown at the top of Figure 1. For conve-

nience, all molecules are initially represented as hydrogen-depleted graphs, i.e., the initial

graph is already a united-atom model.
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Figure 1: The basic GBCG approach applied to an example chemical structure with SMILES
string [C(=O)1OCC(CO)C(CC)C1]. The figure shows the process of (1) assigning vertex groups
(indicated by the dashed blue lines) and (2) performing edge contractions, which result in the
structures shown in the gray boxes. Note that the hydrogen atoms have already been subsumed
into united atoms prior to the first grouping operation, and the edge weights wij = 1 for all bonds.
The numbers next to the nodes on the graph indicate their index in the adjacency matrix.

With this basic foundation, we obtain coarse-grained representations by alternately per-

forming two operations:

(i) Assigning vertex groups. The objective of this operation is to identify which vertices

(atoms) are to be combined into a new vertex (CG site). We choose to construct

vertex groups solely using a combination of graph-theoretic and atomic properties,

as opposed to utilizing dynamical information that might be generated from higher-
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resolution models; this makes the assignment based entirely on the chemical topology of

a molecule. Moreover, we require that a vertex group be formed among nodes that are

topologically contiguous, and that any given atom be assigned to only one vertex group.

Despite these simplifying restrictions, there are still numerous, reasonable procedures

that might be followed, depending on the application. A few, specific implementations

are discussed in Section 2.2.

(ii) Performing edge contractions. The objective of this operation is to generate a new CG

representation by reducing the dimensionality of the graph and reconstituting its edges.

Specifically, all the edges between nodes within a given vertex group are removed,

the vertices are combined to define a CG site with the composite properties of its

constituent atoms, and the adjacency matrix (or adjacency list) is resolved to reflect

the new connectivity.

The kth iteration of these operations produces a graph G(k) represented by a reduced Nk×Nk

adjacency matrix A(k), where Nk indicates the number of CG sites in the present represen-

tation, which presumably has a reduced number of edges Mk. The graph G(k) can then

be used to seed the (k + 1)th iteration, with each iteration producing increasingly coarser

representations of the original molecular graph G(0). This iterative process is schematically

depicted in the remainder of Figure 1.

2.2 Vertex Group Assignment

Between the two operations highlighted above (Section 2.1), identifying vertex groups is the

more complicated procedure. There are multiple plausible ways to identify vertex groups,

such as the use of clustering techniques or any number of graph-coloring approaches, or

the design of algorithms that preserve certain dynamical or structural quantities. Here, we

highlight two simple protocols, referred to as spectral and progressive grouping, which assign

vertex groups using only properties of the current molecular graph and its constituents. Both
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protocols first establish a queue based on priorities assigned to the nodes in the graph, and

then construct vertex groups through analysis of a node and its connected neighbors, i.e.,

node pairings with nonzero elements in the adjacency matrix. The two protocols differ by

when nodes are allowed to enter the queue and how nodes are determined to comprise a vertex

group. The essential features of these protocols are described in the next two sections, and

Fig. 2 schematically depicts the process of ranking and queuing nodes, for both protocols,

to yield a CG representation for dimethyl carbonate.
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Figure 2: A comparison between the rank-ordering and queuing process for spectral grouping
(top arrows) and progressive grouping (bottom arrows), as applied to dimethyl carbonate. The
left box shows dimethyl carbonate and its adjacency matrix, given the atomic indices shown; the
colored shapes provides a non-numerical means of atom identification. For spectral grouping,
diagonalization of the adjacency matrix (Eq. 1) yields eigenvector centrality scores p∗i , which are
used to rank-order the nodes as shown. Rankings are used to generate a queue with lowest-ranking
nodes enqueued first. Applying the vertex grouping rules defined in Section 2.2.1 then yields the
coarse-grained representation at the right. For progressive grouping, Eq. 2 is used to compute
heuristic scores pi, which leads to the rank-ordering shown. Nodes are sorted by their degree di,
and rankings are used to generate a queue with highest-ranking nodes first; given dmin = 2 and
dmax = 3, only nodes with di = 2 or 3 are queued. Applying the vertex grouping rules defined in
Section 2.2.2 then yields the coarse-grained representation shown at the right. In this case, both
grouping schemes yield the same coarse-grained representation.
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2.2.1 Spectral Grouping

The essence of the spectral grouping scheme is to rank-order all nodes using a graph-theoretic

measure, and then to systematically combine nodes that neighbor each other based on their

ranking. The graph-theoretic measure is typically computed using the eigenvalues or eigen-

vectors of the graph adjacency matrix or the related Laplacian matrix.34 Alternatively, mea-

sures that report on a node’s contribution to a suitably defined parametric graph entropy or

chromatic information content could provide other reasonable means to rank-order nodes.35

Here, we employ a measure based on eigenvector centrality, such that the ranking of a node is

based on its contribution to the largest eigenvalue obtained after diagonalizing the adjacency

matrix.33 The motivation to use this measure is that the coarse-graining process can identify

and focus on topologically important atoms. In particular, for the matrices defined by

A(k) = P(k)D(k)(P(k))−1, (1)

where P(k) is a matrix composed of the eigenvectors of A(k), (P(k))−1 its inverse, and D(k)

a diagonal matrix with the corresponding eigenvalues, the components of the eigenvector

corresponding to the largest eigenvalue, p∗ = (p∗1, · · · , p∗N(k)), are so-called centrality-scores

that are used to rank nodes. The higher the centrality score p∗i is for the ith node, the more

important it is to the overall graph connectivity, which connects to its chemical arrangement.

Once the nodes are ranked, a queue to examine nodes and form vertex groups is estab-

lished. To preserve the topology of the highest ranked nodes, we choose to order the queue

from lowest-to-highest based on their centrality scores. All nodes with the same centrality

score are considered simultaneously in the following manner. Considering the ith node, all

neighboring nodes with equal or higher ranking are examined to potentially form a vertex

group. If there are no such nodes, the ith node is assigned as its own vertex group. Oth-

erwise, a vertex group is formed using the ith node and the neighboring node j with the

most similar ranking score, i.e. argmin
j

[
abs(p∗i − p∗j)

]
∀j that satisfy A(k)

ij 6= 0. In cases
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when multiple neighboring nodes have equivalent similarity scores and simultaneously sat-

isfy this condition, then all such nodes and the queued node become part of the same vertex

group. Moreover, if the ith node shares a neighboring node with another node with the same

centrality score, then that set of nodes is assigned to the same vertex group. Once a node

is assigned to a vertex group, all nodes in the vertex group are removed from the queue,

and those nodes cannot form vertex groups with any subsequently queued nodes. After

assignment, the nodes with the next highest centrality score are considered, and the afore-

mentioned assignment continues until the queue is exhausted, leaving all nodes assigned to

vertex groups. Note that combining nodes with similarly small contributions to the largest

eigenvalue and retaining nodes with large contributions tends to preserve the eigenvalue and

the structure of the corresponding eigenvector, although no rigorous network renormalization

is performed here.

2.2.2 Progressive Grouping

In the progressive grouping scheme, vertex groups are formed by separately generating queues

for nodes with the same current degree and applying an analysis to construct vertex groups

for that set of nodes. Specifically, each iteration is subdivided into rounds with a featured

degree d. The featured degree for the first round is given by a minimum specified degree

dmin. At the completion of a round, the value of d is incremented by one, and the next round

begins with that featured degree. This process continues through the completion of the

last round, which features a maximum specified degree dmax with dmin ≤ dmax. Each round

begins by first rank-ordering all nodes with the featured degree d using a specified metric;

this metric could be based on eigenvector centrality, a heuristic formula, or any number of

possibilities. This rank-ordering establishes a queue, and nodes are examined sequentially

starting with the highest priority node. In this work, all applications featuring progressive
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grouping use a heuristic score of

pi = 1000ni + 100di + 10
∑
j

djAij, (2)

where ni is the number of composite “heavy” atoms in node i, di is its current degree,

and the third term depends on the degree of its neighboring nodes; the particular weighting

coefficients are chosen to make Eq. (2) a reasonable hash function since the variables involved

are all of order unity. Eq. (2) prioritizes more massive and highly connected nodes, but there

is nothing particularly profound about its use. While we will show that it is effective in our

applications, alternatives may sometimes be preferred or explored, and the GBCG framework

is customizable in this fashion.

Irrespective of the way that nodes are ranked, the following steps will be the same. For

the ith node, the set of neighboring nodes is examined to identify which nodes are not already

part of a vertex group. If there are no such neighboring nodes, the ith node is identified as its

own vertex group, just as in the spectral grouping scheme. Otherwise, the minimum degree

among available neighboring nodes dmin is recorded, and three options are pursued. First,

if dmin < d, then all neighbors with degree less than d are identified to form a vertex group

with the ith node, and all nodes become exclusive to that group. Second, if dmin > d, then

the ith node is identified as its own vertex group. Third, if dmin = d, then the node is tagged;

tagged nodes are re-added to the end of the queue unless they have been previously tagged

during the current round, in which case all neighbors with degree d form a vertex group

with the ith node. Each round continues until the queue is exhausted, and all nodes with

the featured degree are assigned to exclusive vertex groups. By construction, this protocol

aims to preserve the overall chemical topology of the original system because the degree of

a vertex group can only become less than the degree of the queued node if the vertex group

contains a terminal node, i.e., a node with d = 1. It is important to note that nodes that are

queued in an earlier round in the same iteration cannot form vertex groups in later rounds.
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For example, if dmin = 2 and dmax = 3, then no degree-2 nodes will form vertex groups with

degree-3 nodes; however, an iteration with dmin = dmax = 3 will permit this to happen.

2.3 Coarse-grained site types & Backmapping

The matter of assigning types to the new CG sites is ultimately an issue of determining

interactions, since assigning a given type to multiple, similar CG sites may be desirable for

parameterization. During GBCG, the identity of all atoms subsumed into a given CG site is

tracked, and their connectivity can be preserved in the form of an internal adjacency matrix.

Provided with a set of relative positions, this information can be used to initially back-map a

CG representation into a higher-resolution model. For our purposes, this internal adjacency

matrix or knowledge of composite atoms in the CG site is useful for assigning CG site types,

akin to how elements are identified based on the composite set of subatomic particles. From

a force-field perspective, CG sites may be further distinguished based on their chemical

environment, just as not all carbon atoms are treated equally in various empirical force

fields. An analogous procedure to determine types for all the CG sites could be applied here

by using the internal adjacency matrix as the CG atom identifier.

2.3.1 Additional Considerations

The previous sections characterize the grouping schemes employed in this manuscript, but

there are additional considerations that deserve discussion for implementation. One question

relates to the handling of nodes with the same priority. In spectral grouping, nodes with the

same priority are considered simultaneously. In progressive grouping, however, these nodes

are sorted in ascending order by their index in the molecule. Since the nodes are dequeued

serially, it is possible for derived CG representations to exhibit an order dependence, i.e.,

indexing atoms differently in the molecule might yield slightly different CG representations

(mirror images, for example). While this order-dependence is typically inconsequential, it is

prudent to be mindful of the possibility when implementing the progressive grouping scheme.
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Importantly, provided that the atoms in a molecule are consistently indexed, the mapping

to CG representations will remain consistently generated using the prescribed approach.

As noted earlier, there are also several opportunities for customizing the GBCG im-

plementation. The use of different rank-ordering schemes has already been mentioned. In

general, modifications to the adjacency matrix provide a means to further customize or tailor

GBCG for certain applications. For example, diagonal entries of the adjacency matrix might

be populated with node weights to increase the importance of a given node, or bond edges

could be changed away from unity, perhaps using renormalization or to encode chemical in-

formation such as bond strength, to highlight the importance of some bonds in the molecule.

When modifying the adjacency matrix, at least for spectral grouping, the entries should

remain strictly positive to ensure a unique largest eigenvalue and positive eigenvector by the

Perron-Frobenius theorem. Another possibility is to limit the number of constituent atoms

in a node or impose a restriction on an allowable mass, such that two nodes might not be

an allowed vertex group if their combination exceeds a property threshold; this is an avail-

able option in our code implementation but is not utilized here. Finally, while applications

considered in this study consider the molecule as a whole, the GBCG procedure could just

as easily be applied to fragments of molecules or monomers; this approach is recommended

for development of transferable representations.

2.4 Simulation Details

Section 3.1 utilizes molecular dynamics simulation to compare structural correlation func-

tions obtained for various representations of toluene and penetadecane liquids. All param-

eters for the all-atom simulations are taken from the OPLS-AA force field;36 a list of the

required parameters is provided in the Supporting Information. Both all-atom (AA) and

CG MD simulations are performed using the LAMMPS simulation package.37 The equa-

tions of motion are evolved using the velocity-Verlet integrator with a 1 fs time step. A

Nosé-Hoover thermostat (100 fs relaxation) and barostat (1000 fs relaxation) are used to
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control the temperature and the pressure where appropriate. Particle-particle particle-mesh

Ewald summation38 is used to compute non-bonded interactions beyond a 12 Å cutoff in

the AA simulations. For the CG simulations, non-bonded interactions are computed using

tabulated potentials as described later. Electrostatic interactions are not computed because

all CG sites are found to be charge-neutral, mostly as consequence of the local charge neu-

trality present in the atomistic force-field (see Supporting Information). Note, however, that

charge-neutral CG sites are not guaranteed by GBCG in the absence of applied constraints,

and electrostatic interactions must generally be considered at the force field level.

Parameterization of the CG models proceeds as follows. First, coarse-grained site types

are determined based on the set of composite atoms forming the CG site. The set of required

interactions is then determined, and parameterization of these interactions is carried out in

two stages. In the first stage, bonded interaction potentials (stretching, bending, and tor-

sional interactions) are obtained by direct Boltzmann inversion of probability distributions

from the appropriate AA simulations. For convenience, the inverted potentials are then fit

to standard analytical potentials, which are described in the Supporting Information. In the

second stage, AA trajectories are mapped onto CG coordinates, and then two sets of pair-

wise, non-bonded interactions are computed in the form of tabulated potentials. The first

set is obtained using iterative Boltzmann inversion (IBI),39 and the second set is obtained

using force-matching (FM).15,16 In the case of IBI, the non-bonded interactions are obtained

with the bonded interactions fixed as those determined in the first stage. For FM, the force

contributions of bonded interactions are removed from the total force during the analysis.

In the determination of both bonded and non-bonded interaction parameters, the mapping

to CG coordinates is based on the center-of-mass of the composite atoms. No pressure

corrections are applied to the non-bonded interactions. In general, we note that the capa-

bilities of the developed force fields are limited, and the parameterization could be further

improved by various means.40–44 However, these more nuanced parameterization strategies

are not pursued here since the focus of this work is rather on developing CG representation
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strategies.

Following the generation of CG force-field parameters, coarse-grained simulations are run

to obtain radial distribution functions for comparison to AA data. Initial configurations are

obtained by mapping the last configuration of the AA trajectories to the CG coordinates.

After this initial mapping, simulations are run for 20 ns at 298.15 K and constant volume;

the last 10 ns are used to compute radial distribution functions.

3 Representative Applications & Discussion

3.1 Simple Molecules

We begin with application of GBCG to simulation of two molecules that form liquids at

room temperature, namely toluene and pentadecane. These molecules are chosen based on

their distinct chemical topologies, with toluene possessing an aromatic ring structure and

pentadecane being a linear hydrocarbon, which combine to encompass a significant amount

of typically simulated chemistries. For both molecules, three iterations of spectral grouping

are used to generate three CG representations. During each iteration, the diagonal elements

of the adjacency matrix are populated with the composite mass of the node normalized by

the most massive node prior to diagonalization. The generated CG representations (and

their parent structures) for both molecules are shown in Figure 3 along with labels (TOL0,

TOL1, TOL2, and TOL3 for toluene and PDC0, PDC1, PDC2, and PDC3 for pentadecane)

to distinguish the various representations.

Figure 3 illustrates how GBCG yields progressively coarsened representations of the orig-

inal atomic system. For toluene, the 15-atom molecule (TOL0) is first reduced to four CG

sites (TOL1), then two (TOL2), then a single CG site (TOL3), and for pentadecane, the

47-atom molecule (PDC0) is first reduced to seven CG sites (PDC1), then three (PDC2),

then a single CG site (PDC3). While the molecules here are simple enough that reasonable

CG representations might be generated by hand, as exemplified by previous work on the
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Figure 3: Coarse-grained representations for (a) toluene and (b) pentadecane generated using
GBCG with the spectral grouping scheme. In both panels, the atomistic representations, labeled
‘TOL0’ and ‘PDC0’ for toleune and pentadecane, respectively, are shown at the left with progres-
sively coarsened representations shown from left to right. Each CG representation is shown along
with the parent structure (transparent coloring) from which it is derived. The numbers in the
parent structure indicate the vertex priority obtained via diagonalization of the graph adjacency
matrix, and the colored loops indicate the vertex groups identified by the algorithm described in
Section 2.2.1, yielding the CG representation shown beneath the arrows. For a given CG represen-
tation, the sites are colored based on the set of composite atoms, and the placement of each CG
site is based on the center-of-mass of its composite atoms.
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same or similar molecules,41,45–47 some advantages of using GBCG are that the generation

of the CG representations is completely automated and the origin of those representations

is clearly defined and traceable. In this case, the vertex groups (colored loops in the parent

structure) are based on node rankings that are derived from the centrality-scores computed

as described in Section 2.2.1; the scores are additionally provided in the Supporting Infor-

mation. Importantly, GBCG still provides intuitive and reasonable CG representations, in

this case, by forming CG sites from localized groupings of methine (-CH) groups, methy-

lene bridges (-CH2), and methyl (-CH3) groups. Since the generated representations are not

markedly different than those employed previously, the structures should be amenable to

parameterization and subsequent simulation.

To demonstrate the ability to use GBCG-generated representations within a broader

coarse-graining workflow, we developed basic force fields for all of the CG representations in

Figure 3 using conventional approaches as described in Section 2.4. To facilitate parameter-

ization, the various CG sites are assigned ‘types’ based on the number and kind of atoms

that comprise the CG sites, such that sites with the same set of composite atoms are given

the same type; the coloring of the various CG sites in Figure 3 indicate their assigned types.

The site types, bonded force-field parameters, and non-bonded interaction potentials are

provided in the Supporting Information. Note that while the CG representations are derived

in sequence, each of the CG models is parameterized directly and only from the all-atom

MD simulations. Consequently, any given CG model can be used without consideration of

the other CG models, since its parameters are obtained separately and independently, in this

case.

As a simple test of the efficacy of the parameterization, intermolecular pair radial dis-

tribution functions (RDFs) are computed for all pairwise combinations of CG site types for

each of the CG representations in Fig. 3. Fig 4a presents the results for toluene with the

RDFs for the highest-resolution CG representation at the top and the single-site representa-

tion at the bottom; Fig. 4b presents the same for pentadecane. For a given representation,
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Figure 4: Pair radial distribution functions (RDFs) between coarse-grained site types for (a)
toluene and (b) pentadecane. In both panels, results for a given CG representation are obtained
from (left) all-atom simulations (AA), (middle) coarse-grained simulations with pair potentials
computed from iterative Boltzmann inversion (CG-IBI), and (right) coarse-grained simulations
with pair potentials computed using force-matching (CG-FM). In (a), the top row corresponds to
the representation TOL1, the middle row corresponds to TOL2, and the bottom corresponds to
TOL3. In (b), the same applies for PDC1, PDC2, and PDC3, respectively. The individual curves
are labeled in the AA datasets, with the label i-j indicating the pair RDF between ith CG site type
and jth CG site type; the site types are indicated by the inset of CG representations within the
CG-FM datasets. Note that RDFs are vertically separated by 0.5 units within each set of axes to
improve visibility. The axes labels are shared across different representations and simulation types.
All results obtained from simulations at T = 298.15 K.

18



the figure compares results obtained from all-atom trajectories (labeled as AA) to those

obtained from CG simulations using either the IBI or FM-generated pair potentials (labeled

as CG-IBI and CG-FM, respectively); each curve reflects the RDF for two CG site types,

which are indicated by the inset of the CG-FM datasets. In general, both sets of CG results

are in good agreement with the AA results, irrespective of the particular CG representa-

tion or the specific pair RDF. For the CG-IBI results, this is unsurprising since the target

function during parameterization is the AA RDF, but the CG-FM results also exhibit rea-

sonable agreement with the AA RDFs despite having a target function based on the residual

of the atomistic and projected CG forces rather than RDF itself. These results concretely

show that typical parameterization strategies can be straightforwardly combined with CG

representations generated via GBCG.

3.2 Complex Topologies

The previous section featured molecules of relatively simple chemical topologies; however,

GBCG is particularly well suited for generating CG representations for molecules with more

complex structures, such as those with branch points or mixed linear/cyclic chemical moi-

eties. To demonstrate these capabilities, we utilize the progressive grouping scheme (Section

2.2.2) to coarse-grain the structure of a model dendrimer and a dimer of hypromellose and

the spectral grouping scheme (Section 2.2.1) to coarse-grain the structure of a rhodopsin

protein.

3.2.1 Model Dendrimer

Fig. 5a depicts a “toy” model of a dendrimer and a series of CG representations generated

via multiple progressive grouping iterations; each iteration is run with dmin = 2 and dmax

= 6, such that there are five rounds per iteration, although not all rounds produce new

representations. The original dendritic structure is intentionally contrived to have subtle

differences at each generation in terms of the number of branches and the number of particles

19



(a) 

(b) 

Figure 5: Coarse-grained representations for (a) a model dendrimer and (b) a hypromellose dimer
generated using GBCG with the progressive grouping scheme described in Section 2.2.2. In both
panels, the initial, full representation is shown at the left with progressively coarsened representa-
tions shown from left to right. Each CG representation shown is the structure derived at the end
of each iteration; the full representation is transparently shown behind each CG representation for
reference. In (a), the sites are colored based on the set of composite atoms for a given representa-
tion; however, in (b), the site colors are based on the atom with the highest degree in the group.
In both (a) and (b), the placement of a CG sites is based on the center-of-mass of its composite
atoms.

that form each branch. In particular, the dendrimer begins with a core particle with four

branches of four particles; each branch is capped with a fifth particle, which is a second-

generation branch point. Among the four second-generation branch points, two have three

branches, and two have five branches; each of the second-generation branches consists of five

particles.

It is apparent from Fig. 5a that GBCG preserves the overall topology of the dendrimer

quite well. The first three CG representations possess the same number of branch points

and branches as the original dendrimer; however, the total number of sites has decreased

four-fold in the third CG representation compared to the starting structure. Eventually,

the structural topology of the outer branches is lost in the fourth and fifth representations,

but the overall shape of the original dendrimer remains well represented. In addition, the

approach neatly preserves the symmetry of the original dendrimer by equivalently treating

topologically identical portions of the dendrimer, as indicated by the coloring of the CG
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sites within each representation. Although any single one of these representations might be

generated by hand, GBCG not only removes the tedium associated with producing such rep-

resentations but also provides a multitude of representations to choose from, some of which

may be preferred depending on the application or desired resolution. For example, if the pre-

cise structure of the outer branches is unimportant, then the fourth or fifth representations

may be more suitable for use in a CG simulation

3.2.2 Hypromellose Dimer

In another application, we consider the coarse-graining of a hypromellose (or hydroxypropyl

methycellulose) dimer. Hypromellose is a semisynthetic polysaccharide with numerous appli-

cations in foodstuffs, cosmetics, and pharmaceuticals.48 Several simulation studies employing

atomistic and CG simulations (at monomer resolution) have been performed to study the

thermo-responsive aggregation behavior and rheology of structurally similar polymers.49–51

Fig. 5b shows the atomistic representation of this dimer (left) along with a series of CG repre-

sentations generated via multiple progressive grouping iterations. The progressive grouping

iterations utilized dmin = {2, 2, 2, 3, 4} and dmax = {2, 3, 3, 3, 4}, with the basic strategy being

to only increase dmax or dmin if leaving the variables unchanged would not further reduce the

number of CG sites.

Fig. 5b shows how GBCG provides CG representations that preserve the overall struc-

tural features of hypromellose at varying levels of resolution. The dimer consists of two

β(1→4)-linked glucose units, which have the methoxy side chains substituted with CH2CH(OH)CH3

groups at the 2, 3, and 5 positions, for a total of 105 atoms. The first CG representation,

which has 41 CG sites, is slightly more coarse than a typical united atom model, leaving

intact the structure of nearly all functional groups. Meanwhile, the second and third CG

representations, with 21 and 14 CG sites, reduce the amount of detail for the side chains,

but both still represent the backbone with a reduced ring structure; similar CG represen-

tations of polysaccharides have been previously used.52,53 In the fourth representation, the
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side chains remain explicitly represented with a single site each, but the glucose cycle has

been eliminated in favor of a single site. Finally, in the fifth representation, the dimer is

reduced to two CG sites, akin to common monomer-level CG representations that have been

previously employed;49–51 another iteration could further reduce the dimer to a single site for

an even greater reduction in dimensionality. Overall, this illustrates how the GBCG offers a

significant degree of flexibility in targeting CG simulations of a particular resolution.

It is worth noting that the specific structures observed in Fig. 5b are partly tied to

the particular protocol employed, and slightly different structures could be observed for

a different protocol. For example, setting dmin = 2 for the first three iterations leaves the

glycosidic linkage (the oxygen atom joining the two glucose units) explicitly represented; this

atom, with d = 2, is assigned its own vertex group because both of the CG sites to which it is

bonded have a higher degree. Explicit representation of the linkage enables description of the

independent rotation of the two glucose units, which may be desirable and has been included

in some previous CG models by intuition.52 In this case, this topologically important bond

is preserved as the result of an explicit protocol.

Compared to the spectral grouping scheme, the progressive grouping scheme involves

more choices, since the protocol requires explicit definition of dmin and dmax for a series of

rounds. To some extent, this is an opportunity to tailor or customize the resulting CG rep-

resentations. Since the actual reduction process is automated and low-effort, many protocols

can be tested and evaluated against each other. Importantly, no matter which protocol is

selected, the procedure to produce the representations is well defined and communicable.

3.2.3 Rhodopsin

In a final example, we obtain a series of CG representations using spectral grouping for a

rhodopsin protein, a light-sensitive G-protein-coupled-receptor that activates the signaling

pathway central to vision.54 Fig. 6 shows the mapping results for GBCG through five itera-

tions. Beginning with the original atomistic system (5,501 total atoms, 5,587 bonds, 10,088
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iteration 1 

iteration 2 

iteration 3 

iteration 4 

iteration 5 

Figure 6: A series of coarse-grained (CG) representations generated using spectral grouping
for the rhodopsin protein. The original atomic system is presented at the top left, and the CG
representations generated after each iteration are shown following the labeled arrows. The CG
representations have 1,348, 711, 385, 195, and 100 CG sites compared to 5,501 total atoms for
the all-atom representation. The atoms/CG sites are colored from red to white to blue based on
residue index. The placement of a CG site is based on the center-of-mass of its composite atoms.
For reference, each structure is shown with the same transparent envelope surface that is generated
based on the all-atom representation. A magnified portion of the protein, indicated by the dashed
orange circles, accompanies the atomic system and the first two CG representations to illustrate
the mapping of a ring and a fused-ring structure that are commonly occurring motifs on several
side chains in the protein.
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angles, and 15,497 dihedrals) reduced to a 2,760 site united-atom model, each GBCG itera-

tion reduces the number of sites by approximately twofold, with the first iteration mapping

to 1348 CG sites, the second to 711, and then to 385, 195, and 100 CG sites for the last three

iterations. It is interesting to note that the second CG representation, with 711 CG sites,

has roughly the same mapping resolution as that prescribed by the MARTINI force field,55

which uses about a four-to-one heavy-atom to CG-site mapping and yields a 727-site model

for rhodopsin.56 Here, not only does the GBCG provide a similar mapping that preserves

the topology of both the backbone and side chains, but through its progression, rhodopsin

is eventually reduced to a nearly linear polymer as given by the final CG representation.

By eleven iterations, rhodopsin would eventually be reduced to a single site in a systematic

progression.

4 Conclusions

A graph-based coarse-graining strategy, GBCG, has been introduced here for systematic,

unambiguous, automated coarse-graining of molecular models. The methodology is inspired

by simple graph-theoretic principles. GBCG addresses a key challenge, the definition of

a mapping scheme, that is is critical to the success of any CG model or simulation. The

automated nature of GBCG derives from using an algorithmically based and well defined

protocol for combining atoms into CG sites, which is in contrast to the more typical mode

of identifying CG sites by intuition. To this end, two relatively simple grouping schemes

have been outlined, spectral grouping and progressive grouping, which were shown to be

both effective and robust in a series of test cases ranging from the simple molecule, toluene,

to a macromolecule, rhodopsin. For each system, GBCG successful generated a series of

CG representations that preserve the chemical topology of the original molecules at mul-

tiple levels of resolution. Importantly, by indicating the grouping scheme and the number

of GBCG iterations, the coarse-graining process is fully specified and reproducible. These
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aspects should facilitate proper communication of mapping schemes as is necessary to un-

derstand the model components, reproduce model data, or implement a model for further

study.

This work illustrates that GBCG can be a valuable tool in a variety of applications and

workflows that utilize CG models and simulations. For simple molecules, GBCG removes

the tedium associated with defining and implementing a mapping. For complex molecules,

GBCG makes the mapping procedure tractable. In either case, the same algorithmic machin-

ery provides a spectrum of reasonable CG representations with limited user investment. The

set of generated CG representations may be well suited for multi-scale simulation strategies,

which utilized multiple resolution models, or a given mapping might be selected based on

specific simulation targets or requirements. It is important to note that certain representa-

tions may be more transferable or possess more information content than others.25 These

and other issues will be explored in a future publication. Because the underlying operations

of GBCG are computationally inexpensive, it is feasible to generate, inspect, and evaluate

many different representations and protocols, which could prove useful in the context of ma-

terials screening or model optimization. Ongoing work involves using GBCG to find optimal

resolution models for target properties and identifying metrics for driving the assignment of

vertex groups that facilitate the generation of improved CG representations. Basic Python

implementations of GBCG are available for download at https://github.com/xmwebb/GBCG

and in the Supporting Information.

Associated Content

Atomistic simulation details. Force-field parameters for all-atom simulations. Bonded pa-

rameters for coarse-grained simulations. Eigenvector-centrality scores for toluene and pen-

tadecane representations. Tabulated potentials for coarse-grained simulations. Python

scripts with basic GBCG implementations.
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