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Abstract: Recent advances in Ultra-Coarse-Graining (UCG) modeling for biological systems have improved both construction
strategies and forcefield development. Empirical forcefields remain the primary choice for large systems due to their efficiency
and ability to capture conformational dynamics, while non-restraining potentials and multiscale approaches have enhanced
predictive capability for complex intermolecular interactions. Although bottom-up methods are currently limited by high
parameterization costs, increasing physical interpretability and the growth of biomolecular trajectory databases are expected to
make them more feasible and transferable in the future.
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1. Introduction

Investigating the conformational dynamics of large biomolecules is
essential for revealing the underlying mechanisms for critical
macroscopic biological behaviors [1,2], including enzymatic
catalysis [3-6], flexible docking [7-10], and the mechanical
responses of cytoskeletal structures [11-14]. This investigation
necessitates a molecular-level analysis of the conformational
ensembles and their evolution across multiple spatial/temporal
scales [15,16], grounded in the rigorous principles of physical
chemistry and statistical mechanics [17-24]. A widely employed
strategy is to perform extensive molecular dynamics (MD)
simulations [25-29] under the assumption of ergodicity, wherein
the appropriate choice of computational chemistry model is
determined by the resolution required for the investigation of the
specific properties. Quantum mechanical (QM) models offer
accurate descriptions of electronic state transitions and chemical
reactions of active sites [5,6,30,31]. All-atom (AA) models based
on molecular mechanics, are well-suited for capturing localized
conformational dynamics of large biomolecules [32]. Coarse-
grained (CG) models [33-36] enable the efficient description of
global conformational transitions and supramolecular assembly
[37]. Given that the functional processes of large biomolecular
systems often take place in micrometer and microsecond scales or

even longer [38-41], their modeling and simulation presents
significant challenges due to the prohibitive computational cost.
Thus, CG models have gained growing interest and widespread
adoption, as they offer a favorable compromise between
computational efficiency and the ability to accurately capture
essential structural and dynamic properties.

The principle of CG modeling lies in simplifying the
representation of non-functional regions by reducing the system’s
degrees of freedom [42], thereby significantly boosting
computational efficiency while aiming to preserve an accurate
depiction of the structural and dynamic features within key
functional domains. Therefore, the mapping strategies employed in
CG models are largely guided by the structural characteristics of
the target systems and the specific physical properties that need to
be accurately captured. Given that biological systems are typically
composed of a limited number of monomer types, such as amino
acid residues or nucleobases, a widely adopted and generalizable
CG modeling strategy, analogous to that employed in AA models,
is to map these transferable monomers to CG resolution and use
them as the fundamental building blocks for constructing large
biomolecular systems. Such modeling strategies are designed to
capture the geometric features of individual monomers and, to
some extent, accurately reproduce the interactions between their
chemical groups. Accurately predicting protein conformational
changes typically requires high-resolution models that either
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preserve hydrogen-bond donor and acceptor atoms or employ
finely tuned anisotropic (non-spherical) interaction potentials.
Popular models, such as AMBER-UA [43], GBEMP [44,45],
PACE [46,47], PRIMO [48,49] and UNRes [50], have been
successfully applied to a variety of researches, including peptide
folding and large-scale conformational transitions. CG models for
simulating membrane or nucleic acid systems typically employ a
resolution in which each bead represents two to three heavy atoms,

such as Martini [51,52], SIRAH [53], oxDNA [54,55] and oxRNA
[56]. This CG resolution enables the semi-quantitative description
of essential interactions between key functional groups. Overall,
the aforementioned high-resolution CG modeling strategies have
been widely applied, and numerous well-organized review articles
have been published [23,34-36,57-59]. Therefore, they will not be
discussed in detail in this work.

Figure 1. Structural representations of the G-actin monomer (PDB ID: 1ATN) at AA, high-resolution CG, and UCG resolutions.

However, due to computational limitations, CG models with
resolutions higher than the residue level still face significant
challenges in simulating complex biological processes involving
multiple or large-scale proteins. To further enhance simulation
efficiency and enable the description of large-scale conformational
changes, Ultra-Coarse-Grained (UCG) [60-63] models,
characterized by even higher levels of simplification, have been
proposed in recent years. These models typically perform coarse-
graining at the level of the entire biomacromolecule [64,65],
employ customized mapping schemes designed to capture global
molecular shape, secondary structures, and essential dynamic
modes with minimal computational overhead. A comparison of
UCG, higher-resolution CG, and AA representations is shown in
Figure 1. Some UCG models developed for studying mechanical
properties can represent an entire protein using fewer than ten
particles, thereby significantly increasing the integration timestep
and extending the accessible simulation timescales. UCG models
have been successfully applied to describe global conformational
changes in supramolecular assemblies or mechanical properties of
macro-biomolecules. Carmichael demonstrated that a sidechain-
free UCG model is possible to reproduce the folding dynamics of
short peptides [66]. Voth and co-workers systematically
investigated microscopic mechanisms of HIV-1 self-assembly and
further discussed how capsid inhibitors modulate this process
[64,67]. UCG models have also been employed to construct
mesoscale representations of SARS-CoV-2 virus particle that
preserve explicit conformational detail of the spike protein [65,68].
Bryer et al. introduced a division-flexible UCG framework that
facilitates the modeling and simulation of the mesoscale
mechanical properties of both HIV-1 and cofilin-2 [69]. Xia and
co-workers employed UCG models to characterize the mesoscale
torsional behavior of collagen and, respectively, the local
conformational changes inside protein monomers under stretching
process [11,38]. With the increasing demand for mechanistic
insights at the molecular level in life sciences, the development of
UCG models offers great potential for elucidating mesoscale
functional dynamics of complex biomolecular systems.

While UCG models have demonstrated strong applicability

and descriptive power for certain biomolecular systems, they still
face significant challenges in predictive accuracy and
transferability across different systems. Because each UCG particle
typically represents multiple residues, usually corresponding to a
unique particle type, UCG models must be customized according to
their specific division. Unlike high-resolution CG models, they
cannot be generated in a high-throughput way by taking the
advantage of predefined standardized residues and sequence
information. Significant progress has been made in developing
general division algorithms for finding proper UCG representations
and resolutions of bulk biomolecules that efficiently capture major
conformational transitions. However, determining accurate and
transferable UCG forcefields remains an open problem. The data
requirements for accurately parameterizing UCG forcefields are
prohibitively high, thereby limiting their application to relatively
small systems containing only a few dozen residues. Empirical
forcefields with lower data requirements for construction have been
more widely adopted in UCG models. Although this simplification
may limit their ability to accurately predict global conformational
changes within individual proteins, such forcefields maintain strong
predictive capability in simulating supramolecular behaviors
involving multiple proteins.

This review summarizes recent advances in the UCG division
algorithms, forcefield development. We also highlight the key
challenges and opportunities in this field.

2. UCG mapping

Due to the highly customized and sub-residue resolution, UCG
models cannot be constructed by simply assembling common
monomeric units such as residues or nucleotides. The UCG
representation of arbitrary biomolecules, conceptualized as a linear
transformation from the fine-grained Cartesian coordinates, are
often optimized on-the-fly using clustering techniques like residue
sequence segmentation or Voronoi cells. To determine the optimal
division, an error function [70] should be defined to quantify the
accuracy of UCG representation, and a global optimization
algorithm should be employed to find the global extremum. The
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definition of error function typically reflects the structural or
dynamical similarity between the target UCG and AA model,
aiming to assess whether molecular shapes and key conformational
changes are properly projected in the low-dimensional phase space.

A class of UCG division methods aims to reproduce structural
information, such as density maps [71] and topological networks
[72], from high-resolution models, thereby maximizing the
preservation of molecular shape information, as illustrated in the
first-row workflow of Figure 2. These methods operate by first
converting the all-atom (AA) model into a 3D density map,
followed by clustering the density grids into a user-defined number
of UCG beads using a vector quantization (VQ) [73] algorithm.
The shape-based coarse-graining (SB-CG) method proposed by
Arkhipov et al [74]. employs a neural network–inspired vector
quantization (VQ) algorithm, enabling the accurate reproduction of
AA mass density distributions. Building upon this framework,
Bryer et al. introduced SB-CG2 [69], which incorporates an
improved optimization strategy and a new quantitative metric to
assess the similarity between AA and UCG density maps, thereby
facilitating the optimization of UCG resolution. The SB-CG/SB-
CG2 division algorithms have been successfully applied to the
study of mesoscale bioprocesses, including membrane deformation

[75], bacterial flagellar motion [76], mechanical properties of viral
capsids [77], and actin filament stretching [69]. It is worth noting
that, since density maps can also be obtained experimentally via
electron microscopy (EM), such methods can be directly applied to
construct UCG models from low-resolution EM densities in cases
where AA models are not available. For example, the approach
proposed by Ming et al [71]. enables UCG partitioning directly
from EM density maps and accurately reproduces the
corresponding vibrational modes. The convolution K-means
coarse-graining (CK-CG) method developed by Zhang et al [78].
enables the coarse-graining of mesoscale macromolecules with
uniform mass distribution by employing a convolution-based
initialization of UCG positions. The ED-CG-EM method proposed
by Zhang et al [79]. performs clustering based on vibrational
modes extracted from EM density grids, yielding EM-based UCG
divisions that can accurately reproduce the intrinsic dynamical
behaviors. It is important to note that bonded information is
typically undefined in EM-based UCG partitioning methods and
they are therefore generally restricted to using elastic network
models (ENMs) [80-82] for forcefield construction, which will be
discussed in Section 4.

Figure 2. Schematic for the transformation of AA models into UCG representations.

Another class of UCG division methods aims to reproduce
dynamical features from high-resolution models. These approaches
can be understood as clustering algorithms operating in momentum
space, as illustrated in the second-row workflow of Figure 2. They
require not only high-resolution structural information but also
detailed dynamical data, which can be obtained through MD
simulations or normal mode analysis (NMA). Such methods are
primarily applied to proteins, where the partitioning algorithm
focuses on optimizing the placement of “boundaries” along the
backbone so that each UCG bead captures the collective motion of
its corresponding segment. Compared to purely structure-based
partitioning approaches, these dynamics-informed methods
incorporate molecular flexibility and are thus better suited for
describing global conformational transitions in flexible molecules.
Zhang et al [83,84]. proposed the essential dynamics coarse-
graining (ED-CG) method, which constructs UCG mappings by
grouping atoms that share similar essential vibrational modes into
the same UCG bead. This strategy enables each UCG bead to
capture the coherent motions of local structural domains.

Subsequently, building upon the ED-CG framework, Wu et al [85].
proposed the K-means clustering coarse-graining (KMC-CG)
method, which incorporates both structural and topological
information. ED-CG has been widely employed in studying the
conformational dynamics and NMA of large biomolecular
assemblies, including actin filament contraction and extension
[84,86], ribosomal motion patterns [87], conformational transitions
of the SARS-CoV-2 spike protein [65,88], and the assembly of
HIV-1 Gag proteins [89,90]. Li et al [91]. proposed the fluctuation
maximization coarse-graining (FM-CG) method, which aims to
maximize the pairwise fluctuations between UCG particles. This
strategy enables the mapping to distinguish between flexible and
rigid domains—for instance, α-helices and β-sheets—and to
represent them at different resolutions [70,92]. As a result, FM-CG
facilitates the development of UCG models capable of capturing
large-scale conformational transitions, such as the open-to-closed
motion of the adenylate kinase (AK) protein [63]. Additionally,
several studies have explored the determination of optimal number
of UCG beads. For example, Li et al [91,93]. developed a series of
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stepwise optimizers capable of efficiently generating coarse-
grained representations across multiple resolutions in a high-
throughput manner. Wu et al [94]. further demonstrated that the
ultra-coarse-graining process can be statistically interpreted as a
clustering problem, with ED-CG and FM-CG corresponding to
minimizing within-cluster variation and maximizing between-
cluster variation, respectively. And the optimal UCG representation
can be systematically identified using statistical metrics such as the
Calinski–Harabasz index [95].

Overall, current UCG division algorithms exhibit broad
applicability across diverse biomolecular systems and are capable
of efficiently generating UCG representations. However, the rapid
and reliable determination of the optimal number [85,94,96] of
UCG beads remains a significant challenge. This difficulty arises
primarily because the ideal resolution is contingent on the specific
properties of interest and the nature of the employed forcefield, for
example, capturing large-scale functional conformational changes
often requires more beads than simulating equilibrium fluctuations.
Mathematically driven approaches have not fully addressed this
issue. Integrating current UCG division strategies with forcefield
fitting or experimental properties holds promise for substantially
improving both the accuracy and utility of UCG division
algorithms.

3. Bottom-up forcefields

Once an appropriate UCG mapping matrix is established, the next
essential step is to determine the effective interactions between CG
beads. A widely adopted strategy is to microscopically fit these
interactions based on systematically accessible potential energy
surface data obtained from high-resolution models. This approach,
commonly referred to as the bottom-up methods [23,34,36,97,98],
supports the construction of CG forcefields under arbitrary division
matrix�, and is therefore methodologically generalizable across
a wide range of systems. One of the most representative
implementations of this strategy is the multiscale coarse-graining
(MS-CG) method developed by Voth and co-workers [99-101].
The MS-CG method reflects a conceptually simple yet rigorous
idea: when the CG forcefield is constructed to reproduce the AA
free energy surface, a strict statistical mechanical correspondence
exists between the CG potential �퐶� � and the partition
function of the AA model, as shown in Eq. (1). Here, �퐴퐴 �
denotes the AA potential energy,� and r represent the coordinates
in the CG and AA models, respectively. A group of other bottom-
up approaches are theoretically equivalent to MS-CG, including
Iterative Boltzmann Inversion (IBI) [102], the generalized Yvon–
Born–Green (YBG) theory [103], and entropy minimization
methods [104]. Several recent review articles have provided
comprehensive overviews of their theoretical foundations,
methodological advances, and practical applications
[23,34,36,97,98]. Owing to their physically grounded treatment of
the microscopic interactions, bottom-up approaches generally
achieve high accuracy in predicting a wide range of thermo and
dynamic properties. Most bottom-up methods for constructing
UCG models are implemented in the OpenMSCG package [105]
and are fully compatible with the LAMMPS simulation package
[106].

�푏표푡푡표�−푢�
퐶� � =

−�−1푙� � ��
−�� �−��퐴퐴 � ��

1

A key challenge in bottom-up forcefield parameterization lies in
obtaining the partition function of the AA reference system. For
complex biomolecular systems, computing the full AA partition
function is practically infeasible. In practice, AA-MD simulations
are typically used as an approximation to sample low-energy
conformational ensembles. To ensure that the CG potential
accurately captures the target conformational transitions, the AA-
MD simulations must sufficiently explore not only local energy
minima but also all transition pathways. However, the global
conformational changes typically described by UCG models occur
on spatial and temporal scales that far exceed the capabilities of
AA simulations. As a result, pre-sampling is generally restricted to
local equilibrium states, making it challenging to access
intermediate or transition-state conformations without prior
knowledge. Furthermore, the absence of comprehensive databases
for AA conformational ensembles significantly limits the
applicability of bottom-up approaches in high-throughput CG
modeling. This transferability limitation becomes particularly
critical for UCG models, where the cost of extensive pre-sampling
is prohibitively high. Although recent efforts have focused on
developing open-access conformational databases, these initiatives
remain in their early stages and require sustained data accumulation.
Currently, bottom-up methods are primarily employed to accurately
parameterize native interactions in structurally stable regions, such
as intra-molecular bonded interactions, or to model relatively
simple systems, including the folding of short peptides.

�푏표푡푡표�−푢�
퐶� � = ��푟�표푟 � +��푙 � 2

One promising strategy to address the challenge of insufficient
sampling involves enhancing the physical interpretability of the
potential energy function, thereby improving its ability to
generalize across unseen conformational space. This approach is
conceptually aligned with the Δ-learning framework [107]
commonly employed in all-atom machine-learned potentials (MLPs)
[108,109]. In this scheme [110], a machine-learning-based
correction potential ��푙 � is trained to match the difference
between a prior potential ��푟�표푟 � and the target effective
bottom-up CG potential �푏표푡푡표�−푢�

퐶� � , as shown in Eq. (2).
��푟�표푟 � is typically represented by classical forcefields to
ensure strong physical interpretability, while the correction
potential ��푙 � is often modeled using polynomials or neural
network potentials with rotational and translational invariance to
accurately capture details of the potential energy landscape and
account for many-body effects [111], such as CGnet [112], GDML
[113], CGSchNet [114]. The underfitting problem is more
pronounced in UCG models than in high-resolution CG models,
therefore the construction of a physically interpretable and accurate
��푟�표푟 � is particularly critical. Unlike Δ-learning approaches
based on low-level QM methods, ��푟�표푟 � is difficult to
construct using predefined, systematically low-level models. In
UCG modeling, it is typically derived by composing the effective
potential into physical contributions such as repulsion, bonded
interactions, and point charges. Therefore, it is critically important
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to develop potential-based matching or decomposition strategies
tailored to specific physical contributions for UCG modeling.

A series of recently developed potential-based coarse-graining
methods have been proposed to parameterize specific physical
contributions in CG models even without MD simulation
information, particularly for nonbonded interactions. These
approaches facilitate the rapid and customizable generation of high-
precision physical-based CG models, offering a promising strategy
to address the challenges associated with defining ��푟�표푟 � .
UCG Among them, various electrostatic potential (ESP)-based
matching methods have been introduced to estimate the point
charges of CG beads [115]. These approaches can effectively
reproduce the ESP distribution of the corresponding atomistic
models. However, due to the intrinsic limitations of point charge
representations, their accuracy remains insufficient for highly
polarized UCG particles. Incorporating higher-order multipole
effects may offer a promising direction for future improvements.
For the Lennard-Jones (LJ) potential, Zhang et al [116]. developed
the Lennard-Jones static potential matching (LJSPM) method,
which can be considered an LJ-based analogue of ESP matching.
This enables rapid parameterization of CG-level LJ interactions and
allows accurate reproduction of pairwise LJ interactions between
functional groups [9,117,118]. In addition, the method developed
by Tillack et al [119]. enables efficient parameterization of the
Gay-Berne ellipsoidal potential for UCG particles and has
demonstrated excellent performance in systems such as benzene.
Given the inherent anisotropy and irregular shapes of UCG
particles, this approach represents a highly promising direction for
future development.

Moreover, the inherently coarse representations of UCG
particles tend to magnify certain physicochemical effects that are
often negligible in fine-grained CG models, such as conformational
entropy [120], multistate particle behavior [121]. Exploration of
these effects represents a cutting-edge direction in current research
and contributes significantly to our understanding of the
fundamental of UCG interactions. Significant advancements have
been made in the investigation of these effects. One important
discovery is the multistate behavior of UCG particles, arising from
substantial internal conformational fluctuations that are
significantly more pronounced than those in high-level CG models.
These fluctuations have a non-negligible influence on global
conformational transitions and cannot be accurately captured by the
mean-field approximation employed in Eq. (1). To address this
limitation, Voth and collaborators developed a multistate UCG
modeling framework that extends the MS-CG method by
incorporating an Ehrenfest-like approach to explicitly account for
the contributions of internal conformational dynamics within UCG
particles. Notably, this strategy also offers an effective means of

describing chemical reactions within a UCG framework.
Furthermore, they identified that conformational entropy makes a
substantial contribution to the effective potential. By explicitly
removing this entropic component, the resulting potential exhibits
markedly improved temperature transferability. As such entropic
effects are expected to be even more pronounced in coarser CG
models, developing efficient strategies for estimating these
contributions is of critical importance.

Currently, the use of bottom-up approaches in UCG modeling
has been relatively limited, primarily due to the challenges
associated with insufficient conformational sampling. Nevertheless,
with ongoing improvements in the physical interpretability of UCG
models and the growing availability of MD trajectory databases,
the cost of parameterizing UCG models is expected to decline. As a
result, the development of user-friendly and transferable bottom-up
forcefields is becoming achievable.

4. Empirical forcefields

Currently, empirical forcefields are more widely adopted than
bottom-up approaches for constructing biomolecular UCG models.
These empirical forcefields have been extensively applied to
investigations of various biological functions, including mechanical
properties [69], protein conformational changes [63,122], and self-
assembly [123]. The distinction between empirical and bottom-up
forcefields lies in their matching philosophy: empirical approaches
emphasize feasibility and computational efficiency rather than
strict adherence to fundamental physical principles. For example,
empirical forcefields are often developed by reproducing
experimentally accessible properties, such as structural features,
vibrational modes, and solvation enthalpies. In terms of potential
energy functions, empirical forcefields prioritize reproducing
macroscopic dynamical behavior over accurately capturing
microscopic interactions. For instance, accurately describing the
fluctuations around the equilibrium position between two protein
domains inherently requires accounting for numerous microscopic
interactions. However, empirical forcefields typically approximate
such behavior using simple single-well potentials derived from
crystallographic structures. Fitting high-dimensional potential
energy surfaces based on low-dimensional macroscopic properties
may result in deviations from the AA model, thereby limiting the
model’s predictive capability. Although some empirical high-
resolution CG models have exhibited strong transferability and
predictive performance, these successes are largely attributed to
extensive, cross-system, data-driven parameter optimization.
However, for highly customized and large-scale UCG models of
complex biological systems, the availability of relevant data is
often limited. Consequently, generating predictive empirical
potentials remains a significant and unresolved challenge.
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Figure 3. Schematic illustration of three types of empirical UCG potentials and their comparison with the AA model.
In many biological processes at the UCG scale, macromolecular
domains or protein monomers often exhibit considerable structural
stability. For example, during the self-assembly of the HIV capsid,
the two major domains of the monomer, the N-terminal domain and
the C-terminal domain, undergo minimal conformational changes.
The conformational dynamics of such rigid proteins or domains can
be effectively captured using simple restraining potentials. This
approach enables a reliable description of conformational dynamics
around a predefined reference structure at minimal modeling and
simulation cost, a strategy commonly referred to as structure-based
models. Elastic network models (ENMs) [124-126] represent one
of the most widely used classes of restraining potentials. In ENMs,
all pairwise interactions are modeled using computationally
efficient harmonic oscillators, as illustrated by the light blue
potential energy curve in Figure 3. They are particularly effective
at constraining molecular structures and capturing vibrational
modes [125] in the vicinity of equilibrium states. However, ENMs
inherently suffer from the limitation that their potentials do not
converge upon dissociation states, rendering them unsuitable for
describing conformational states far from the reference structure.
To overcome this limitation, ENMs are often integrated with more
flexible bottom-up or empirical potentials, thereby enhancing the
model’s capacity to capture the dynamics of flexible functional
regions such as linkers. ENMs have been extensively employed in
UCG forcefields for analyzing vibrational modes between protein
domains, constraining rigid domains, and reproducing elastic
mechanical properties. Furthermore, ENMs play a pivotal role in
UCG division methods, particularly in the rapid extraction of
vibrational features from all-atom simulations or cryo-EM density
data.

Other empirical UCG forcefields, particularly those designed
to capture protein folding dynamics, require the potential energy to
converge smoothly at large distances. A pragmatic approach
involves the use of Gō-like potentials [127-129]—a class of
restraining potentials that preserve the native bonding relations of
protein chains. These potentials employ Lennard-Jones-type
functions that smoothly converge in the unfolded state to describe
inter-residue non-bonded attractions, which are critical for
stabilizing folded conformations, as illustrated by the purple curve
in Figure 3. Gō potentials have been widely applied to predict
folding process of small to medium-sized proteins [130-133],
including folding pathways and residue-level correlations, as well
as for imposing constraints on backbone conformations. Gō-type
potentials are implemented in the CafeMol MD simulation package

developed by Takada and co-workers [134,135].
Many proteins undergo substantial conformational changes

during their functional cycles, and structural biology studies have
revealed that they often populate multiple stable intermediate
states—for example, the opening and closing of the active site in
adenylate kinase (AK). Accurately capturing such functionally
relevant transitions at the single-protein level requires reproducing
a global potential energy surface with multiple local minima, which
is difficult to achieve using the aforementioned single-well
restraining potentials. To address this issue, some UCG models
employ empirical multi-well potentials to capture conformational
transitions. Notably, unlike bottom-up approaches, these multi-well
functions are not derived from the summation of microscopic
interactions. Instead, they serve as phenomenological
approximations that reproduce the experimentally observed
multistate behavior of proteins, as illustrated in Figure 3. A
common strategy for constructing such models involves assigning
stable crystal structures as local minima of the multi-well potential
[136], followed by the setting of their relative stabilities and
transition parameters. Some approaches, based on the adiabatic
approximation, analytically construct multi-well potentials by
coupling single-well restraining potentials. Representative
examples include the multi-state Gō model proposed by Takada
and colleagues [137], and the double-well ENM developed by Voth
and co-workers [138]. Another approach is to employ piecewise
multi-state potentials, which offer improved computational
efficiency and finer control over the microscopic energy landscape.
Notable examples include the two-state model developed by Wang
and collaborators [122,139,140], and the DW-UCG model
proposed by Xia and collaborators [63]. These models provide an
easy-to-construct and transferable framework for building UCG
models capable of capturing conformational transitions. In some
cases, they can even predict intermediate states that are closely
associated with the reference structures.

In the context of intermolecular interactions, restraining
potentials remain the most widely used approach. These potentials
are typically formulated as simple single-well functions, such as
harmonic or Lennard-Jones types, depending on whether
dissociated states need to be represented, for example, in studies of
mechanical properties or the transition dynamics between
assembled and dissociated states. The construction of restraining
potentials requires prior knowledge of equilibrium conformations,
typically derived from crystal structures. Consequently, such
potentials can only capture binding states observed in these
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reference conformations. This inability to account for the diversity
of possible molecular associations significantly limits their
predictive capabilities. To address this limitation, several non-
restraining potentials with enhanced predictive capabilities beyond
reference binding states have been developed by incorporating
greater physical interpretability. For example, the potential used in
SB-CG models can be efficiently estimated from properties such as
the solvent-accessible surface area (SASA) and radius of gyration
of the AA model, which encode key features like particle
hydrophobicity and particle size. This allows for the rapid
generation of intermolecular forcefields capable of stabilizing
mesoscale and complex supramolecular structures, such as viral
capsids, without relying on equilibrium conformations from crystal
structures, and further enables the prediction of non-elastic
deformations.

However, non-restraining potentials for modeling
intermolecular interactions often rely on classical pairwise
functional forms, which are inadequate for capturing solvation
effects, many-body interactions, and the influence of non-spherical
molecular UCG shapes. Overcoming these limitations can be
achieved by the development of new potential functions that are
both physically interpretable and capable of incorporating these
complex effects, an effort that typically demands huge amounts of
simulation and experimental data across different biomolecular

systems. In the absence of such comprehensive data, a promising
alternative is to adopt multiscale models, wherein key contact
regions are described using high-resolution, bottom-up models.
This approach provides an accurate, predictive, and transferable
representation of critical intermolecular interactions. For example,
in the open-to-closed conformational transition of ligand-free
adenylate kinase (AK) shown in Figure 4, we found that the
UA/UCG multiscale model retains more detailed features of the
local basins on the free energy landscape compared to the purely
UCG-based model proposed by Zhang et al [63]. These details
stem from the physically grounded microscopic interactions
between residues captured in the high-resolution regions, thereby
enhancing both accuracy and predictability. This multiscale
strategy has recently been applied to drug design and the simulation
of membrane-associated systems.

Overall, empirical UCG potentials are predominantly
implemented as restraining functions, which enable efficient
characterization of conformational dynamics near equilibrium and
facilitate the reproduction of multistate transitions observed
between crystal structures. For modeling intermolecular
interactions, some emerging non-restraining potentials
incorporating hydrophobic/hydrophilic effects have shown
potential in predicting non-elastic mechanical behaviors.

Figure 4. Structure of the UA/UCG AK model. UCG beads are colored in yellow, while UA regions are depicted in other colors. The UA
potential is parameterized using the LJSPM method, and the UCG potential adopts the DW-UCG model. The reference closed and open
conformations, as well as the two major intermediate states (I1 and I2), are labeled in the figure.

5. Conclusions

This review summarizes recent advances in biological UCG models
from both application and methodological perspectives, with a
particular focus on progress in mapping CG representations and
forcefield development. For CG division, a range of generalized
optimization algorithms have been established to customize
mappings for a wide range of biomolecular systems based on high-
resolution structural models or EM density maps, enabling
partitions that faithfully capture the system’s vibrational modes or
density distributions. Nonetheless, due to the inherent
heterogeneity in research objectives and system-specific
characteristics, the a priori determination of an optimal resolution
in the absence of parameterization remains a nontrivial challenge.
From the perspective of forcefield development, empirical
potentials remain the popular choice the modeling of large-scale

biomolecular systems because of their high efficiency in
parameterization and construction, as well as their capability in
reproducing single-molecule dynamic behaviors like equilibrium
fluctuations or complex multistate behavior. Moreover, recent
advances in non-restraining empirical potentials, coupled with
progress in multiscale modeling methodologies, have markedly
expanded the predictive capability of UCG models in
supramolecular assembling or docking contributed by
intermolecular interactions. Meanwhile, bottom-up forcefield
parameterization methods grounded in rigorous statistical
mechanics have undergone substantial advancement over the past
decades. Nevertheless, their application to large biomolecular
systems remains constrained by the considerable computational
cost of parameterization. Enhancing the physical interpretability of
UCG potentials, such as through the explicit decomposition of
electrostatic, Lennard-Jones, and bonded contributions, offers a
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promising avenue for reducing prior-data requirements for
parametrization and improving transferability. Also, the continued
accumulation of open-source biomolecular trajectory databases is
expected to reduce the reliance on pre-sampling, thereby improving
the feasibility and expanding the applicability of bottom-up
methods.
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