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Abstract

Coarse-grained (CG) molecular dynamics of proteins is a pre-
ferred approach to studying large molecules on extended time
scales by condensing the entire atomic model into a limited
number of pseudo-atoms and preserving the thermodynamic
properties of the system. However, the significantly increased
efficiency impedes the analysis of substantial physicochemi-
cal information, since high-resolution atomic details are sac-
rificed to accelerate simulation. In this paper, we propose
LatCPB, a generative approach based on diffusion that enables
high-resolution backmapping of CG proteins. Specifically,
our model encodes an all-atom into discrete latent embed-
dings, aligned with learnable multimodal discrete priors for
circumventing posterior collapse and maintaining the discrete
properties of the protein sequence. During the generation, we
further design a latent diffusion process within the continuous
latent space due to the potential stochastics in the data. More-
over, LatCPB performs a contrastive learning strategy in latent
space to separate feature representations of various molecules
and conformations of the same molecule, thus enhancing the
comprehension of molecular representational diversity. Exper-
imental results demonstrate that LatCPB is able to backmap
CG proteins effectively and achieve outstanding performance.

Introduction

Coarse-grained (CG) models are utilized to facilitate scalable
molecular dynamics simulations by simplifying atomic prop-
erties and their interactions, thus reducing computational de-
mands and accelerating simulations, particularly in processes
like aggregation (Jones, Shmilovich, and Ferguson 2023) and
cardiolipin-selective (Mohr et al. 2022). Simultaneously, the
ongoing attention to reintegrating missing all-atom details
back into the CG protein structures enables researchers to
derive particular structural insights from CG simulations.
Proteins are not strictly static entities but rather ensembles
of occasionally similar conformations. Transitions between
these states may even occur over length scales from 1/10 Ato
nm and time scales from ns to s (Conti Nibali and Paciaroni
2023). Previous backmapping works primarily adopt geomet-
ric rules or random placement to generate initial structures
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and subsequent refinement through Monte Carlo relaxation
or molecular dynamics simulations, which exhibit high re-
peatability. Consequently, the choice of scoring functions and
relaxation methods in these approaches must be appropriate
and partially empirical (Yang and Gémez-Bombarelli 2023),
leading to varying optimization outcomes that might not
fully reflect the actual behavior of biomolecules. AlphaFold2
(Jumper et al. 2021) has shown a sensation in structural biol-
ogy by precisely addressing the protein structure prediction
problem, facilitating the gradual integration of Al-generated
content into interdisciplinary molecular modeling. Then, sev-
eral studies (Wang et al. 2022; Yang and Gémez-Bombarelli
2023) have achieved successful backmapping performance
by introducing condition-based autoencoders for modeling
all-atom distributions.

Nevertheless, the atomic feature space is typically com-
posed of diverse physical quantities like atomic types and
coordinates (Xu et al. 2023). These features exhibit multi-
modal attributes of discrete, integer, and continuous variables,
particularly in protein sequences that are codes formed by
discrete values (Santos et al. 2023; Ingraham et al. 2019). Pro-
tein sequences exhibit a high degree of regularity in nature
and shift rapidly among few stable conformations, which are
typically maintained by specific geometrical conformations
(Li et al. 1996; Skrbi¢ et al. 2024; Roche and Royer 2018).
Current generative approaches (Wang et al. 2022; Yang and
Goémez-Bombarelli 2023) directly model all-atom conforma-
tions in the continuous domain feature space of atoms, failing
to capture the high-dimensional intricacies of input features.
Recently, diffusion models have achieved state-of-the-art per-
formance by modeling in latent spaces, including applications
in image generation (Ni et al. 2023; Singh, Gould, and Zheng
2023), voice synthesis (Lee, Chung, and Chung 2023; Taka-
hashi, Singh, and Mitsufuji 2023), and molecular design (Xu
et al. 2023; Huang et al. 2023). Up until the date of this work,
the exploration of latent diffusion models for backmapping
has remained scarce. Besides, due to the dynamic diversity
of protein conformational trajectories, a multitude of feasible
atomic configurations can be associated with a single CG
structure (Shmilovich et al. 2022). There is suffering from
identifying features of various molecules and conformations
of the same molecule while dealing with new.



In this paper, we formulate the CG protein backmapping
problem as a series of latent diffusion steps and propose
LatCPB, which progressively transfers a CG structure in
proteins to its target all-atom conformation within a latent
embedding space. Specifically, we first encode the input all-
atom conformation and corresponding CG structure by an
all-atom graph encoder and a CG structure encoder respec-
tively to obtain input embeddings for alignment. The idea of
autoencoder reconstruction is to represent high-dimensional
data distributions through low-dimensional latent encodings,
with continuous representations typically undergoing intrin-
sic discretization by the encoder or decoder (van den Oord,
Vinyals, and Kavukcuoglu 2017; Razavi, van den Oord, and
Vinyals 2019). For modeling molecular conformations, we
employ an attention layer to transform continuous latent em-
beddings into a finite set of discrete embeddings to satisfy the
decoding quality and generative capability constraints, where
directly aligning discrete embeddings with a discrete prior
latent distribution leads to over-regularization and posterior
collapse (Truong, Salah, and Lauw 2021; Peng et al. 2021).
Therefore, we construct the discrete prior as a learnable mul-
timodal latent space, since it is more reasonable to assume
that the observed data are generated from a multimodal rather
than an unimodal subspace (Bai, Kong, and Gomes 2022).
Furthermore, similar features that frequently co-occur should
have proximate embeddings; while two features rarely ap-
pear together, their embeddings should be significantly sepa-
rated (Bai, Kong, and Gomes 2022). We design a contrastive
learning strategy to constrain and separate feature represen-
tations of various molecules and conformations of the same
molecule. At last, due to the potential stochastics in the data
generation process, we further perform the latent diffusion
model in the continuous encoding layer instead of the dis-
crete layer to ensure that the representation does not become
overly specialized to a single conformation.

Related Work
Backmapping of CG Proteins

Coarse-grained protein backmapping is the process of re-
covering from a coarse-grained representation to a high-
resolution, atomic-level representation. As illustrated in Fig.
1, the position of an atom can be represented in internal coor-
dinates (bond lengths, bond angles, and torsion angles) (Oe-
nen, Dinu, and Liedl 2024; Li et al. 2023; Yang and G6mez-
Bombarelli 2023). From the atoms in the protein backbone,
the relative positions of other atoms within their vicinity
can be determined through internal coordinates (Yang and
Goémez-Bombarelli 2023; Grambow et al. 2023). Therefore,
the generation of all-atom conformations involves the allo-
cation of accurate 3D coordinates at the atomic level. Early
efforts (Lombardi, Marti, and Capece 2016; Roel-Touris and
Bonvin 2020) primarily relied on rule-based and scoring
function-based sampling methods. These approaches typi-
cally constructed the initial structural framework using prede-
fined geometric constraints, empirical rules, or physicochemi-
cal properties. The generated initial structure was then further
refined through iterative optimization processes to ensure
compliance with physicochemical constraints and achieve
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Figure 1: The position of an atom can be represented in
internal coordinates (bond lengths, bond angles, and torsion
angles) (Yang and Gémez-Bombarelli 2023; Li et al. 2023).

the lowest energy state, which is inefficient and tends to
deviate from actual biophysical states due to excessive re-
liance on the choice of scoring functions. The introduction
of AIGC offers a novel technical pathway for backmapping.
Wang et al. (Wang et al. 2022) proposed a principled proba-
bilistic formulation using AE, employing latent variables to
approximate conditional distributions for modeling all-atom
structural proteins. Although demonstrating promise in sim-
ple systems like alanine dipeptide and mini-proteins, this
approach cannot be generalized beyond the chemical scope
of their training. Yang et al. (Yang and Gémez-Bombarelli
2023) further utilized a conditional AE to model the internal
coordinates of all atoms, achieving proficient reconstruction
of bond topologies. However, these methods are based on
AE architectures, which may fall short in performance and
adaptability when dealing with complex proteins. We turn to
latent diffusion models, which can handle high-dimensional
data and complex structural dependencies more effectively.

Latent Diffusion Models

Different from traditional diffusion models that operate di-
rectly in data space (Sohl-Dickstein et al. 2015; Qin et al.
2023; Zhang et al. 2024), latent diffusion models (Kim and
Kim 2024; Fabian, Tinaz, and Soltanolkotabi 2024) employ
an encoder to map the raw data into latent space, perform
the diffusion process in this space, and finally use a decoder
to map the latent variables back to the original data. Af-
ter achieving success in image generation (Ni et al. 2023;
Singh, Gould, and Zheng 2023), latent diffusion models have
been extended to molecular generation (Peng et al. 2023;
Huang et al. 2023), exhibiting competitive or even better
performance. Xu et al. (Xu et al. 2023) introduced the first
latent diffusion model in the molecular geometry domain,
consisting of autoencoders that map structures into continu-
ous latent representations and diffusion models functioning
within the latent space. Fu et al. (Fu et al. 2023) utilized an
encoder to embed proteins into latent space, then employed a
diffusion model to learn the distribution of latent protein rep-
resentations, effectively generating novel protein backbone
structures with high designability and efficiency. Wang et al.
(Wang et al. 2024) trained diffusion models in latent space
to generate molecules defined by gene expression profiles
targeting biological activity, achieving outstanding perfor-
mance on molecular generation benchmarks. Inspired by the
successful application of latent diffusion models in molec-
ular generation, we introduce it into the task of CG protein
backmapping to explore a more precise generative approach.



Preliminary
Problem Formulation

Let n ~ N(0,I) be a Gaussian noise volume with shape
N, x A, x P, where N,,, A,,, and P,, represent the number
of beads in the CG structure, the number of all atoms in a
bead, and the internal coordinates, respectively. For a given
CG protein M = {(x,,)|m € {1,...,N}} € RV*3, with
Q= {z; = (d;,0;,75)j € {N+1,..., N+ A}} € RA*3
representing the real all-atom conformatlon of M, the goal
of the backmapping from CG protein to all-atom confor-
mation is to learn a mapping that transforms a Gaussian
noise container n into a synthetic all-atom conformation
Q= {.fj = (dj,Qj,%j)U € {N-i—l,...,N—l—A}} € RA%3,
Thus, the conditional distribution of Q given M is equiva-
lent to the conditional distribution of Q given M, implying
p(QM/l) = p(Q|M). N and A represent the number of
beads in the CG protein and the number of atoms in the
corresponding all-atom conformation, excluding the beads,
respectively. We coarse-grain the C', atoms, as this approach
has been widely applied in CG dynamical simulations (Za-
lewski, Kmiecik, and Kolinski 2021; Badaczewska-Dawid,
Kolinski, and Kmiecik 2020) and backmapping (Yang and
Goémez-Bombarelli 2023).

Conditional Diffusion Model

Forward Process. The inspiration behind diffusion mod-
els (Ho, Jain, and Abbeel 2020; Chen et al. 2023) comes
from nonequilibrium thermodynamics, formalized as two
Markov chains: the forward diffusion process and the re-
verse process. In the forward diffusion process, the atom mgo)
at time ¢ = 0 is gradually infused with noise from a stan-
dard normal distribution. Following the variance schedule
B ..., BT(B" € (0,1)), and ultimately over 7' steps, the
data distribution is transformed into a simple prior distribu-

tion x( )~ p(; (r )) formalized as follows:

T
a@i ) = [[ a2l ™), and ()

t=1
g(@ 2l ) = M@ VT =3V, 8, @)
where N is a Gaussian distribution, x( ) is obtained by adding

(t—

noise to x; Y from time step ¢ — 1 to time step ¢. By

(0)) (0)

marginalizing the joint distribution q( n | given z;

( ) can be directly obtained as follows

(fﬂg-t); \/axﬁ-o)

where a; = Ht+=1 1 — B7, thereby allowing us to sam-
ple from ¢(z (t)|m(o)) at any time step ¢ : (»t) ©) 4

= W,
V1—"aieand e ~ N(0,1). When\ﬁ—>Oandx§) ap-
(T))
Ty

g(a\712l”) = J(1—a)l), 3

proximates a standard Gaussian distribution, then ¢(z
T), (0 0 0
fq(xg )|x§ ))q(xg ))dxg- ) — N(0,1).
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Reverse Process. Assuming there exists a reverse process

that can incrementally denoise the noise variable ng:1) un-

der the guidance of condition C and approximate the target
data acg-o), starting from a standard Gaussian distribution, and
following a Markov chain from ¢t = 7 back to t = 0, as

follows:

(0:T-1)

T
Po(z; 1Q7,¢) = [ po(a!'"V|Q",C).and  (4)
=1

po(a{V1Q",C) = Nz 1e(Q1,C, 1), 00(Q",C, 1)), (5)
where 6 represents a learnable parameter, and ot

[z g\t,)ﬂ, .. ng})JrA] € RA*3 is the all-atom conformation

sampled at time step .

Latent Diffusion

Given an atom z” and an autoencoder that includes an
encoder £ and a djecoder D, the corresponding latent repre-

sentation 2\ = & ( : ) can be encoded. By replacing the
atomic data x; in Eq. ( 1) and ( 4) with the latent representa-
tion z;, the latent diffusion and denoising processes can be
computed as:

!

(zj(-lzT) |zJ(-O) ,and (6)

(0]
= [T a(&"1%

t=1
pe(zj(-O:T_l)lQT, ]._.[p (t=Digt o). (7

During the inference stage, the final output atoms are re-
constructed from the denoised latent 56;-0) = D(éj(.o)), with

4(0) 1. . . .
Z; " being sampled and denoised using Eq. (5):
ﬁt

-1 1 5(t)
VUSRS @O ©
where €; ~ N (0, 7).
Methodology

Discrete All-Atom Representations

For a given all-atom protein structure, we begin learning
the mapping between the all atoms and their discrete repre-
sentations to maintain the discrete properties of the protein
sequence (Ingraham et al. 2019; Santos et al. 2023). This
is achieved by learning an autoencoder for a discrete latent
space. Specifically, to represent a C,, atom x; € R5*3 and its
corresponding all atom Q; € RNiX5%3_we train a all-atom
structure encoder £ that yields a low-dimensional parame-
ter 2;, pertaining to the corresponding distribution £(Q;, x;).
Where S represents the number of conformations in a protein
molecule. We employ a transformer (Gorishniy et al. 2021;
Song et al. 2019) followed by a Sigmoid nonlinearity o to reg-
ularize the parameter zt; € RS*F = ¢(£(Q;, x;)), where
P represents the dimensions of latent encoding. To obtain a
discrete representation of the atoms, we perform polynomial
sampling, as follows:

9 = §(Multinomial(zt;, 1), K), 9)



Latent Diffusion
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Figure 2: Overview of the LatCPB for backmapping synthesis of CG protein conformations. The diffusion process at each step is

performed in the latent space of the autoencoder.

where J(-) denotes a function that transforms embeddings
into an K-dimensional one-hot vector.

To obtain a prior for the discrete latent representation,
we design a multimodal latent space. Through an encoder
&,, we directly map each discrete conformation ; 3, of con-
formation k to an individual latent Gaussian distribution
N (px, diag(o?)). By sharing the same encoder, the ran-
domly initialized embeddings z; are learnable during the
training process, where each discrete conformation activates
a positive Gaussian (¢; = 1) and forms a Gaussian mixture
subspace (Bai, Kong, and Gomes 2022). The definition of the
probability distribution within the subspace is as follows:

Po(2id0i) = Zn{yz k=N, diag(0})), (10)

Ew

where 1(-) is the indicator function. The multimodal latent
space can be aligned using the evidence lower bound, as
follows:

LY ~log qe(2i s|Qi, i) an

where the all-atom structure encoder £ is parameterized by 6.
The reconstruction of the all-atom conformation is obtained
using a decoder D, denoted as @);. The training objective is
as follows:

— log py(%i,s19:),

N_[c]]

3y

i=1 m

1(Qi, Qi) 12)

where C represents a collection of loss functions (Yang and
Goémez-Bombarelli 2023), including the reconstruction error
of atomic Cartesian coordinates ||.X; — X;||2, bond length er-

ror (d;, d;)2, bond angle error \/2(1 — (cos(B; — 6;))) + e,
and torsion angle error \/2(1 — (cos(7; — 7;))) + € €is a

smoothing term, set to 10~7. By decoding in the continuous
embedding layer, it ensures that the representation does not
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become overly specialized to a single conformation. Addi-
tionally, to ensure the chemical validity of generated struc-
tures, we introduce a spatial collision loss (Yang and Gémez-
Bombarelli 2023), calculated as follows:

N+A

=35 Y max(20-|IX; - ¥5)2,00), (13)

J=Nv,ea(X;)

where G( ;) is the set of atoms within a cutoff distance of
54 from atom X

Latent Contrastive Learning

Driven by the success of contrastive learning in tasks (Cherti
et al. 2023; Dong et al. 2023; Lou et al. 2024) such as
image-language pre-training, we employ a contrastive learn-
ing strategy (Bai, Kong, and Gomes 2022) to constrain and
differentiate the feature representations of different molecules
and different conformations of the same molecule. Let G =
{1,..., K}, and define P(¢;) = P{k € G : §; , = 1} with
respect to the mapping pair (z;, ¢;). For a protein mixture
M, contrastive learning can be formulated as:

1 1
Lt = — — X
¢ IN| Z |P(9:)]
(z4,9:)EM 14
sim(Z;, 23) (14
Z —log — s)?
peP ) ZteGSlm(Ziazt)

where sim(z1, 22) = exp(z; - z2/7) is a function that mea-
sures the similarity between two embeddings, z, and z; rep-
resent the embeddings of discrete representations. 7 is the
temperature parameter that controls the scale of the product.

Then the overall loss £ for training the mixture autoen-
coder can be given by:

L' = Ay Lhy + ALl + ApLl + Ao LL + A Ll (15)

where A\, are hyper-parameters for the weights of each item.
L. is the Kullback Leibler term derived from the difference
between coarse-grained prior encoder £, and encoder £.



Metric Method

Structure

PEDO00055 PED00090 PEDO00151 PEDO00218

(55 frames) (27 frames) (140 frames) (20 frames)
) CGVAE 2.093 2.134 2.390 1.967
RMSD (43 ]) GenZProt 1.871 0.029 1.711 1.727
LatCPB 1.695 1.758 1.539 1.563
CGVAE 0.212 0.204 0.376 0.140
GED (}) GenZProt 0.054 0.070 0.019 0.030
LatCPB 0.039 0.055 0.015 0.020
CGVAE 0.369 0.424 0.316 0.331
KL (}) GenZProt 0.568 0.758 0.535 0.541
LatCPB 0.153 0.124 0.108 0.087

Table 1: Quantitative comparison among different methods on the PED00055, PED00090, PED00151 and PED00218 structures.
We report the mean values of all frames in each set. The best results in three metrics are highlighted in bold.

Conditional Latent Diffusion Model

To ensure complex CG-all-atom alignment and the intrin-
sic sequence independence among atoms during the dif-
fusion process, we upgrade the diffusion process with ad-
ditional semantic priors. Equipped with the autoencoders
&€ and D, we are able to represent structures Q and M
through low-dimensional latent variables Z;, while preserv-
ing their topological and chemical characteristics. Then, a
transformer-based latent diffusion model is trained to synthe-
size a latent sequence. Compared to the initial atomic features
of high-dimensional complex data, the encoded latent low-
dimensional space significantly aids the likelihood-based
generative model (Xu et al. 2023).

Given a CG protein mixture M and its corresponding all-
atom Q, we initially employ the CG structure encoder & to
compute the latent encoding sequence from the first C,, atom
tothe N-th C, atom, Z€ = {21,..., 25} € RV*xEK1 and
the encoding sequence within the all-atom structure as ZA =
{21,...,2n} € RVN*SxE2 through the training of €. K
and K, are the dimensions of the latent vectors. Z€ is used

as a condition for the diffusion model. The atom z§0) e zA
is mapped to a standard Gaussian noise volume n ~ N(0, I)
by gradually introducing Gaussian noise through the forward

process of the diffusion model. Specifically, the denoising

model 69(Z§t), M) is trained to predict the noise ¢; added to
z(t), based on a transformer network, with the loss defined
as follows:

Lom =E,o, e =", M)IP,  (16)

where the time step ¢ is sampled from {1,...,7T}.

Equivariant Graph Neural Networks

Molecular Graph Construction. Due to the inherent
graph-like structure of protein molecules, which allows their
complex and dynamic 3D conformations to be effectively
encoded in graph models. Following prior work (Yang and
Gomez-Bombarelli 2023), we establish a protein molecular
graph with residues and atoms as nodes, and their identi-
ties as initial node features. In constructing the graph model,
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Figure 3: The qualities of the generated 3D molecules.

edges are established based on the distances between atoms,
where atom pairs within 9 A and C,, atom pairs within 21 A
undergo global message passing. To enhance message pass-
ing between local structures, we also establish additional
connections between atoms within the same residue and be-
tween pairs of residues. Such information transfer on three
levels is effective in capturing the spatial geometry of pro-
teins. Then, the encoder £ performs message passing over the
entire molecular graph, while the CG encoder £, captures
only the interaction information between C,, atom pairs.

Messaging with Neural Networks. The encoder network
aims to encode the all-atom structure and contextual interac-
tion information: M U @ into the latent space and reconstruct
the structure O. Then, the denoising network performs denois-
ing the noisy all-atom latent features at time step ¢, guided by
the CG structure representation. Specifically, since the spatial
coordinates of each atom exhibit symmetry and equivariance,
following (Yang and Gémez-Bombarelli 2023), we employ
two SE(3) neural networks (Geiger et al. 2022; Corso et al.
2023) to implement encoders £ and &. For the decoder D, to
accurately model the joint distribution of internal coordinates,
it is preferable to allow flexibility within physical ranges.
Since bond lengths follow an unimodal Gaussian distribution
with a smaller variance (Yang and Gémez-Bombarelli 2023),
we utilize a lookup table based on residue types. Network Dy,
employs message passing and pooling operations on node
feature vectors, followed by multilayer perceptron layers.



Structures | DL CL | RMSD GED KL Structures | DL CL | RMSD GED KL
- 1.743 0.042 0.212 1.557 0.010 0.212

PEDO00055 (55 frames) | v - 1.736  0.062 0.229 PEDO0151 (140 frames) | v - 1.549 0.022 0.167
v v 1.695 0.039 0.153 v v 1.539 0.015 0.108
- - 1.810  0.108 0.942 - - 1.620  0.033 0.094
PEDO00090 (27 frames) | v - 1.806  0.144 0.443 PED00218 (20 frames) v - 1.595 0.044 0.168
v v 1.758 0.055 0.124 v v 1.563  0.020 0.087
Table 2: Ablation study for each component of LatCPB.
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Figure 4: KDE plots of torsion angles from the structures generated.

The denoising network €g( J( ), M) is implemented based on Implementation Details. As our approach utilizes three
the transformer architecture (Vaswani et al. 2017). C,, as anchors to rebuild backbone nitrogen and carbon, it
is incapable of reconstructing the atomic positions of ter-
minal residues (Yang and Gémez-Bombarelli 2023). Conse-
quently, all terminal residues are masked. To prevent certain
entries from being overly represented in the model, a subset
is extracted from entries exceeding 500 frames. In the experi-

Experiments

Experimental Setup

Dataset. We evaluate the validity of our method using the ments, we utilize approximately 10,000 frames as the training
PED protein dataset (Lazar et al. 2021), a structural collection set and select about 240 frames as test data, which come from
of intrinsically disordered proteins (IDPs). PED is currently four different structures: PED00055, PED00090, PEDO0151,
the only database focused on representing the diversity of and PED00218. We report the average performance of the
IDP collections, focusing on biologically interesting protein model to ensure robustness of the results. The implemen-
regions with conformational collections. Since IDPs are noto- tation environment is PyTorch 2.1 version and the Adam
riously sensitive to conditioning, these alternative collections optimizer is applied to train the model with the learning rate
may provide very valuable insights into the conditional disor- of 107? and decayed to zero with a scheduler.
der of these proteins. To evaluate the performance, we compare our model with
Following previous work (Yang and Gémez-Bombarelli the prior arts that focus on model improvement, including
2023), we exclude 17 metal ion-binding complexes, 4 CGVAE (Wang et al. 2022) and GenZProt (Yang and Gémez-
nucleotide-binding complexes, 5 cofactor-binding complexes Bombarelli 2023). For fair comparisons, we reproduce all
and 1 D-amino acid protein. In addition, 13 proteins mod- methods under the same implemental environment. In our
elled or measured under unnatural conditions are excluded, experiments, we evaluate the generated all-atom structures
as well as 8 protein post-translational modifications other using three different metrics: Root Mean Square Distance
than phosphorylation and oxidation. (RMSD), Graph Edit Distance (GED) and Kullback—Leibler
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(KL). RMSD calculates the root-mean-square deviation be-
tween the reference structure and the structure generated by
the model to evaluate the accuracy of structural alignment.
GED measures the graph edit distance between the generated
molecular graph and the reference molecular graph. KL is
used to evaluate the statistical consistency between the gen-
erated structure and the experimentally obtained reference
protein structure.

PEDO00055

PED00090

PEDO00218

PEDO00151

(a) CG (b) all-atom

Figure 5: Assessment of quality in the backmapping from
CG to all-atom structures for four proteins: PED000S5S5,
PED00090, PED00218, and PED00151.

Results and Analysis

As shown in Table 1, highlight that LatCPB excels in the
RMSD metric on PED00055, PED00151, and PED00218,
underscoring its superior capability in spatial structure recon-

struction. While GenZProt achieves a notably lower RMSD

of 0.029 A on PED00090, LatCPB consistently performs ex-
cellently on the remaining other protein structures. LatCPB
exhibits the lowest GED across all tested proteins, particu-
larly on PEDO0O151. For KL divergence, LatCPB also shows
the lowest values in all test cases, reflecting high consistency
between its generated protein structures and the reference
structures obtained experimentally.

Fig. 3 shows that the nodes within the PED00218 gener-
ated by CGVAE are dispersed, indicating its limited ability to
maintain complex internal interactions and spatial proximity.
Although GenZProt restores some details, it falls short of
LatCPB in maintaining overall structural consistency and
accurate alignment. Fig. 4 illustrates the torsion angle dis-
tributions between ground truth and synthetic proteins. For
VAE:s, an inherent issue is that the learning objective is to
minimize the reverse KL divergence, which often leads to the
model overlooking less frequent but biologically significant
patterns. In contrast, LatCPB, by introducing randomness and
an improved CL objective, is better able to capture the dis-
tribution of the data, including those rarer or more complex
patterns.

Ablation Studies

We conduct ablation studies on the LatCPB to evaluate the
impacts of the contrastive learning (CL) and discrete latent
space (DL) components on its performance. As shown in
Table 2, with DL enabled alone, we notice an improvement
in performance, albeit limited. When DL and CL are used
together, performance across all metrics reaches its peak.
DL provides a structural enhancement base that bolsters the
model’s capability to explore the data space, while CL im-
proves the model’s discrimination ability, further enhancing
its performance. These components are particularly effective
in enhancing performance and adaptability when processing
proteins with complex spatial structures.

Conclusions and Limitations

In this work, we propose a CG protein backmapping model
based on latent diffusion. Our model is capable of extensively
performing CG backmapping tasks and achieves competitive
performance. A major limitation of this work is its reliance
on the corresponding CG structures. More comprehensive
datasets should be included for evaluation. Thus, we leave it
for future work to collect more validated proteins and design
an effective model to backmap more diverse all-atomic struc-
tures. Another limitation is that it remains unclear whether
the all-atom structures of the currently produced mixtures
have reasonable binding energies. More efforts are needed to
design all-atomic structures with biological activity.
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