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Two dimensional (2D) materials based on boron and carbon have attracted wide attention due to their
unique properties. BC compounds have rich active sites and diverse chemical coordination, showing great
potential in optoelectronic applications. However, due to the limitation of calculation and experimental
conditions, it is still a challenging task to predict new 2D BC monolayer materials. Specifically, we uti-
lized Crystal Diffusion Variational Autoencoder (CDVAE) and pre-trained Materials Graph Neural Network
with 3-Body Interactions (M3GNet) model to generate novel and stable BCP materials. Each crystal struc-
ture was treated as a high-dimensional vector, where the encoder extracted lattice information and ele-
ment coordinates, mapping the high-dimensional data into a low-dimensional latent space. The decoder
then reconstructed the latent representation back into the original data space. Additionally, our designed
attribute predictor network combined the advantages of dilated convolutions and residual connections,
effectively increasing the model’s receptive field and learning capacity while maintaining relatively low
parameter count and computational complexity. By progressively increasing the dilation rate, the model
can capture features at different scales. We used the DFT data set of about 1600 BCP monolayer mate-
rials to train the diffusion model, and combined with the pre-trained M3GNet model to screen the best
candidate structure. Finally, we used DFT calculations to confirm the stability of the candidate structure.
The results show that the combination of generative deep learning model and attribute prediction model
can help accelerate the discovery and research of new 2D materials, and provide effective methods for

exploring the inverse design of new two-dimensional materials.
© 2025 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia
Medica, Chinese Academy of Medical Sciences.
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Recently, a novel 2D BC,P monolayer material has been re-
ported, which is of great significance for the study of high-
performance anode materials and carbon dioxide adsorption ma-
terials [1]. 2D materials have unique vibrational, electronic, opti-
cal, magnetic and topological behaviors [2-5]. Therefore, they have
broad application potential in many fields, and may also bring new
electronic devices and technologies, such as spintronics, catalysis
and thin film technology [6]. In addition, the discovery and syn-
thesis of materials with 2D functions have always been the focus
of chemical, physical and material science research [7-10].

Data-driven new material discovery is becoming one of the
most promising material design methods [11,12]. In recent years,
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high-throughput screening based on DFT has achieved amazing
success. A large number of 2D materials with functional properties
have been discovered by this method [13]. The application of vari-
ous screening algorithms, such as chemical substitution, alternative
site modification, and crystal structure prediction, has expanded
the list of 2D materials and accelerated the discovery of 2D mate-
rials [14,15]. However, the high computational cost and poor scala-
bility of DFT limit its application in chemical and structural spaces
[16]. The effective inverse design of new materials is to achieve
the mapping of target properties to atomic structures [8]. Previous
studies have focused on screening known materials, using global
optimization algorithms to search for chemical structures [17], or
generating new materials by element substitution of known ma-
terials [18]. An obvious limitation of this method is that the ob-
tained materials are similar to the reference materials to some ex-
tent. Even if the type of atoms or ions is changed during lattice
modification [19], they still satisfy the same space group, occupied
Wyckoff position and stoichiometric ratio.

1001-8417/© 2025 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia Medica, Chinese Academy of Medical Sciences.
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Fig. 1. It shows the complete inverse design workflow of the new 2D BCP using the CDVAE model, M3GNet and DFT. The left column shows the training data used as
well as the training model, and the middle column shows the preliminary screening and structural relaxation of the generated structure. The right column shows the
attribute analysis after calculation using DFT. In CDVAE, the input crystal can be represented by a tuple, which consists of the atomic number A of N atoms, their respective
coordinates X, and the base vector L of the crystal cell. The base vector describes the shape and size of the repeating units of the crystal structure. In M3GNet, the material
graph includes bond length information &, atomic information v, coordinate information x, lattice information M, and optional global state information.

Deep generative model (DGM) provide new ways to address the
limitations of the lattice decoration paradigm [20]. Recently, Xie et
al. proposed a CDVAE model [21]. The model uses a VAE and a dif-
fusion model to generate materials during the diffusion process by
learning the data distribution of stable materials. The model can
directly process the atomic coordinates and learn the continuous
representation of the structure, eliminating the need for interme-
diate representations such as graphics or descriptors, and using the
equivariant graph neural network to ensure that the output results
have the same properties under different transformations.

In this work, we trained a CDVAE model for the BCP material
proposed by Fu et al. [1], and generated 10,000 new structures. Af-
ter screening out the candidate structures through validity and di-
versity checks, the M3GNet [22] was used as a pre-trained model
for structural relaxation. After narrowing the range of candidate
structures, we excluded materials that did not meet the BCP bond-
ing specifications, and performed a complete DFT calculation on
the remaining materials to evaluate the thermodynamic and ki-
netic stability of these newly generated materials. In general, the
structure generated by CDVAE has similar or even higher cohesive
energy values than the training data, but there are obvious differ-
ences in element composition and crystal structure. Therefore, we
believe that the DGM can explore and generate the material struc-
ture and composition that have not been involved before by con-
sidering a wider phase space, which brings new possibilities for
material design.

Our computational workflow, as illustrated in Fig. 1, comprises
three main components. The first component involves the database
and DGM utilized in this study. The composition of elements in the
database and the corresponding atomic quantities are displayed in
the BCP Database. The second component focuses on the genera-
tion and initial screening of new materials. The third component
involves the computation of various properties for the generated
materials. CDVAE is a structure generation method based on dif-
fusion model, M3GNet is a structure relaxation method based on
graph neural networks, and DFT relaxation is a first-principles cal-
culation method.

We employed a pre-trained deep learning model, M3GNet, for
structure relaxation to accelerate the prediction of new materi-
als. M3GNet consists of feature extraction, many-body computa-
tions, and graph convolutions as the main computational modules.
It predicts the formation energy, forces, and stresses of materials
by M3GNet model. During the relaxation process, the M3GNet al-
gorithm considers all atomic coordinates and a 3 x 3 lattice ma-
trix, sequentially updating attributes of bonds, atoms, and states.
After performing these operations, we used DFT calculations to re-
lax structures that met the BCP bonding specifications, and their
thermodynamic stability was verified using cohesive energy. We
also evaluated the dynamic stability through phonon calculations
at high symmetry points. As a measure of success for CDVAE in-
verse design, we analyzed the chemical composition and structural
diversity of the generated materials.

The CDVAE model is a generative model that combines VAE
[23] and diffusion model [24] to generate stable materials. The
model consists of an encoder, attribute predictor, and decoder. The
encoder uses a SE(3)-equivariant periodic graph neural network
(PGNN) [25] to map the input atomic coordinates and types from
high-dimensional space to a low-dimensional latent representa-
tion space. The attribute predictor employs one-dimensional di-
lated convolutions with residual connections in lieu of the tradi-
tional multilayer perceptron. The network defines three modules:
ResidualBlock, DilatedConvBlock, and Convld. Following each con-
volution operation, batch normalization and ReLU activation func-
tion are applied, introducing shortcut connections that allow gradi-
ents to flow directly to shallower layers. This facilitates the trans-
mission of information and enhances learning efficiency, enabling
an effective increase in the model’s receptive field and learning ca-
pacity while maintaining a relatively low number of parameters
and computational complexity. By progressively increasing the di-
lation rate, the model is capable of capturing features across dif-
ferent scales. The decoder part uses a noise-conditioned score net-
work (NCSN) [26] to receive the noisy latent representation and
learns denoising to generate atomic coordinates and types. Based
on the information of neighboring atoms, the latent representa-
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Fig. 2. Main parts of the CDVAE architecture. The (a) encoder and (b) decoder networks are primarily divided into three modules: The embedding module, the interaction
module, and the output module. The embedding module takes the type of atoms and the distances between them as input, converting the atom types into learnable feature
vectors. The interaction module facilitates the transmission of information and the update of features, whereas the role of the output module is to transform and accumulate
the message embeddings from each embedding block, yielding the final prediction results. (c) The improved attribute predictor network.

tion is reconstructed into the final stable structure by updating the
atom type by applying gradients to the atomic coordinates. The de-
tailed architecture of the network is illustrated in Fig. 2.

To simulate uncertainty and perturbation effects that exist in
materials, noise is added to atomic types and coordinates. The at-
tribute predictor is used to predict the composition, lattice, and
number of atoms in the crystal, and a unit cell is constructed
based on the predicted basis vectors. Next, positions are randomly
selected in the unit cell, and the predicted atoms are placed at
these random positions. The decoder gradually denoises the ran-
domly placed atoms’ types and coordinates to make them similar
to the data distribution of the training set. During the generation
process, Langevin dynamics is used for progressive deformation to
simulate the random motion of particles in a potential energy field
and gradually approach the equilibrium state. By applying Langevin
dynamics, the atoms of the material iterate towards energy mini-
mization direction based on their current position and gradient in-
formation until a stable structure is reached.

The design principle of the CDVAE model is to generate 3D peri-
odic materials, however, our goal is to further explore in the chem-
ical space of predicted 2D materials to generate novel 2D materi-
als. To address the problem that 2D materials are non-periodic in
one direction, we introduced artificial periodicity according to the
method mentioned in the literature [8]. Specifically, the size of the
lattice vector in the non-periodic direction is one order of mag-
nitude larger than that in the periodic direction. We increase the
cutoff radius from 7 A to 10 A for the graph network in the de-
coder. This ensures that the graph network only connects atoms
in the 2D layer, allowing CDVAE to learn to generate 2D materials.
The model incorporates a loss function comprising cross-entropy
and mean square error losses, while utilizing the Adam optimizer
[27]. To manage the learning rate, a learning rate adjustment strat-
egy is applied through the ReduceLROnPlateau scheduler. The ini-
tial learning rate is set at 0.001, with a minimum value of 0.0001,
aiding in controlling optimization step sizes and preventing over-
fitting. In the attribute predictor, all three modules discussed in
this study are characterized by a channel count of 256. Notably,
the final Convld output channel is set to 25, with a kernel size of
3 x 1. The parameters for stride and padding remain at their de-
fault values of 1 and 0, respectively.

Given the vast number of BCP materials generated, conducting
full DFT calculations on each structure is impractical due to high
costs. To efficiently assess these materials, we utilized multiple cri-
teria for screening and evaluation. Initially, we checked the struc-

tures’ validity against pre-defined effectiveness standards, consid-
ering both their structure and composition. For structural validity,
we followed Court et al’s method [28], deeming structures with
any atom pair distanced over 0.5 A as valid. This criterion mainly
focuses on atomic distances, omitting other factors. Composition-
ally, we applied the SMACT calculation method to verify material
charge neutrality. Materials were considered compositionally valid
if SMACT calculations confirmed a balanced overall charge, indicat-
ing neutrality.

To check for duplicate structures in the generated structures,
the StructureMatcher from pymatgen was used. The Structure-
Matcher measures the geometric difference between two struc-
tures by calculating their Root Mean Square Distance (RMSD) [29].
Specifically, the RMSD represents the average deviation between
the corresponding atomic positions in two structures, calculated as
follows:

RMSD =

Among them, N represents the total number of atoms, R; is the co-
ordinate of the i-th atom in the structure being compared, ﬁ; is the
coordinate of the corresponding atom in the reference structure.
In the process of structure deduplication, we adopted the method
mentioned in reference [30]. If the RMSD between two structures
is less than 0.3 A, it means that their geometric differences are
small and they can be considered duplicates. Out of 10,000 struc-
tures generated by CDVAE, 387 were disqualified due to not meet-
ing chemical formula or energy distribution criteria, leaving 9,613
for further study. Post-repeatability checks, only 1,689 remained
unique, highlighting a high duplication rate possibly linked to the
small training dataset and its inherent repetitions.

To minimize DFT calculation costs, M3GNet was employed for
rapid and accurate structural relaxation and energy prediction of
the remaining structures (Fig. 3). The CDVAE-generated structures
displayed lower energy levels and more diverse stoichiometries
compared to the original dataset. Further DFT calculations adjusted
atomic coordinates and lattice lengths to identify the most sta-
ble configurations, minimizing ground-state energy. This revealed
changes in atomic coordinates and energies, suggesting the gen-
erated crystals were not at their energy surface’s lowest points.
This discrepancy arises because, unlike the training data relaxed
through DFT, CDVAE was not trained to pinpoint structures near
the energy surface’s local minima, necessitating DFT relaxation for
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Comparison of results between the two prediction algorithms and the energy difference during structure relaxation (per atom).

Structure M3GNet (eV/atom) CGCNN (eV/atom) DFT (eV/atom) Error 1 (%) Error 2 (%) Energy difference (eV/atom)
BCP -6.528 -5.887 -6.337 3.014 7.101 -0.186

BC,P -7.208 -6.935 -7.342 1.825 5.543 -0.516

BC3P, -6.679 -6.551 -6.574 1.597 0.349 -0.168

B,C,P -7.105 -5.952 -6.929 2.540 14.100 -0.211

B,CP -6.529 -5.626 -6.483 0.709 13.219 -0.232

(@) (b) lation function. The truncation energy of the plane wave basis set
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Fig. 3. Cohesive energy distribution of each atom in the BCP structure. (a) The
cohesive energy of the original BCP data with most structures concentrated
within -5.5 eV/atom to -6.5 eV/atom range. (b) The cohesive energy of the
CDVAE generated structures, predicted by the pre-trained deep learning model
M3GNet, with most of the generated structures having cohesive energy within
-6.5 eV/atom to -7.5 eV/atom range.

the generated structures. In addition, to demonstrate the effective-
ness of M3GNet in relaxing structures and predicting their ener-
gies, crystal graph convolutional neural network (CGCNN) [31] was
introduced as a comparative algorithm (Table 1). Error 1 repre-
sents the percentage error between the cohesive energy predicted
by M3GNet and the cohesive energy obtained from DFT calcula-
tions. Error 2 represents the percentage error of the CGCNN algo-
rithm. The results show that the cohesive energy prediction error
of M3GNet is generally within 0.2 eV/atom, while the prediction
error of CGCNN is significantly higher than this value. The data in
the last column of the table represents the energy difference be-
tween the initial configuration and the final configuration of the
generated structures during relaxation.If the initial structure of the
material is reasonable, then the energy reduction after DFT relax-
ation should be relatively small. The difference between the initial
energy and final energy of the successfully relaxed materials was
mainly within the range of 0.1-0.3 eV/atom, indicating that the ini-
tial structures generated by the deep model are reasonable. There-
fore, the CDVAE-generated structures are somewhat accurate and
reliable in meeting the requirements of the material’s ground-state
energy, and M3GNet can be used as a method to speed up the gen-
eration of new structures. It is important to note that the purpose
of this stage was to prove that M3GNet has the ability to be used
as a structure relaxation algorithm and accurately predict the co-
hesive energy of structures.

As a final step in the preliminary screening, we manually re-
moved materials that did not comply with the BCP bonding rules
[32]. The CDVAE model generated a significant number of struc-
turally unrealistic and chemically diverse structures, which can be
attributed to the sampling process from a Gaussian distribution. It
assumes that the distribution of atomic numbers and compositions
follows a Gaussian distribution, while in reality, material distribu-
tions often deviate from Gaussian distributions and exhibit large
variations and outliers.

Finally, we used a density functional theory molecular dynamics
simulation method and performed calculations using the Vienna ab
initio simulation software package (VASP). In the calculation, the
interaction between ions and electrons was modeled using projec-
tion enhanced wave (PAW) potential energy, and the Perdew Burke
Ernzerhof approximation was used to describe the exchange corre-

is set to 500 eV. We use a Monkhorst Pack grid with a density
of 0.03 A-1 to sample the Brillouin zone. By adjusting the kinetic
energy truncation and k-point sampling, the total energy of each
atom converges to less than 1 meV. In molecular dynamics simu-
lations, we use phonon dispersion calculations to evaluate the dy-
namic stability of monolayers, which are implemented using the fi-
nite displacement method in the PHONOPY software package [33].

The CDVAE-generated most stable BCP structure examples are
shown in Fig. 4. It is evident that CDVAE is capable of generating
structures distinct from the original data. In graphene, the length
of the C-C bond is 1.42 A, which is equivalent to the radius of a
sp? hybridized carbon atom. The C-C bond lengths in the gener-
ated structures are all less than 1.5 A. We believe that shorter C-C
bond lengths indicate a tighter atomic arrangement and stronger
interatomic interactions, leading to higher cohesive energy values.
While cohesive energy alone cannot determine the relative stabil-
ity of different atomic compositions, higher cohesive energy values
can serve as evidence for strong bonding in these generated struc-
tures.

To further evaluate the dynamic stability of the generated struc-
tures, we calculated the phonon dispersion of the BCP monolayer.
The phonon spectrum of BC,P is shown in Fig. 5a, where neg-
ative eigenvalues represent imaginary phonon frequencies, indi-
cating the possibility of structural reconstruction and instability
within the original unit cell. To accurately assess stability, we con-
sidered the zero-frequency translational mode and numerical er-
rors and used a threshold of eigenvalues greater than -0.01 meV/A
as the criterion for dynamic stability. Clearly, the phonon branches
do not contain any imaginary frequencies, confirming the dynami-
cal stability of the studied monolayer materials.

After assessing the stability of the material based on energy and
phonon spectra, we further examined the thermal stability of the
BC,P monolayer material at a temperature of 300 K using first-
principles molecular dynamics (MD) simulations. The MD trajec-
tory analysis (Fig. 5b), demonstrates that all structures can main-
tain their integrity at 300 K, exhibiting highly stable temperature
and energy profiles. This validates the thermal stability of the gen-
erated BC,P monolayer material. These findings contribute to ad-
vancing the research on experimental synthesis of 2D BC,P mono-
layer materials.

When assessing the success of inverse design via the CDVAE
method, a key metric is the diversity of generated materials’ crys-
tal structures. To compare generated and original structures, we
used the t-SNE algorithm for dimensionality reduction, analyzing
statistical properties at each position in the crystal to describe
the chemical environment around atoms. This includes analyzing
neighboring atom types and distances, and employing radial distri-
bution function (RDF) features to capture atom interactions within
the structure. RDF calculates the probability density function of in-
teratomic distances, outlining their interactions.

Feature vectors were input into the t-SNE algorithm, mapping
high-dimensional vectors into 2D space while preserving relative
distances, thus maintaining the structural information of the orig-
inal data. Fig. 6a displays the t-SNE embedding of generated and
original structures. The original data’s distribution (orange dots)
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Fig. 5. The thermodynamic and dynamical stability analysis diagram of the BCP
structure. (a) Phonon dispersion of the BC,P monolayer. The high symmetry points
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Fig. 6. (a, b) The visualization of the structural distribution of the original training
data and generated data using t-SNE dimensionality reduction. The t-SNE algorithm
transforms high-dimensional crystal structure features into points on a 2D plane,
enabling a more intuitive observation of the relationships between structures.

shows concentrated structural features with variations across ma-
terials, limited by the original training data’s chemical stoichiome-
tries and material types, leading to structural similarities. Nonethe-
less, differences across various stoichiometries persist. The gener-
ated data (green dots) shows a broader feature distribution. Fig. 6b
zooms into generated structures, revealing distinct clusters sepa-
rate from original structures, indicating that while the generated
structures share attributes with the original, they also display sig-
nificant differences. This suggests the generative model can create
novel structures not present in the training data, with the bound-
aries indicating greater diversity in the generated structures com-
pared to the original ones.

For a larger phase space, we searched the existing mate-
rial databases to find these generated candidate materials. We
searched C2DB, Materials Project, and OQMD, but none of these
databases mentioned the structures discovered in this study. Ad-
ditionally, we conducted a literature search to determine if these
materials had been previously discovered. A BC,P monomer ma-
terial was reported [34]. However, the arrangement of these two
structures is completely different. The shorter bond lengths and
higher cohesive energy values in the generated structure demon-
strate its tighter stability and greater suitability for experimental
synthesis. Two types of BC,P monomer materials were also re-
ported [35,36], but they did not provide detailed numerical values
for bond lengths and angles, and neither of them exhibited struc-
tures similar to those discovered in this study. The cohesive en-
ergy values in these references were lower than those found in our
structures. Further details regarding the BC,P comparisons are pro-
vided in Table 2. As for the remaining generated structures, they
have not been reported before, further confirming that CDVAE is
capable of exploring novel material combinations and structures,
covering previously undiscovered regions in the phase space.

In conclusion, we proposed a multi-step method based on DGM
for discovering new 2D BCP monolayer materials to achieve inverse
design of new BCP monolayer materials. The combination of DGM,
deep learning property prediction, and DFT calculations has proven
to be highly effective in generating new and stable materials. Based
on the proposed method, we have successfully generated five novel
BCP monolayer materials on three different BCP monolayers. In ad-
dition to a significant expansion of the known space of 2D ma-
terials, our work quantitatively evaluates CDVAE and establishes
its superior performance in terms of two key criteria: the ability
to learn to train the stable properties of structures and to gener-
ate structural diversity sexual ability. In fact, we generate struc-
tures with high cohesive energy values, and the stoichiometry of
the generated materials spans a wide range of types. Compared to
traditional methods, DGM do not require explicit specification of
chemical compositions but instead learn distributions from exist-
ing data and generate new rational structures. This approach en-
ables a wider exploration of chemical space and generates more
reasonable material structures. The use of deep learning property
prediction allows for screening and evaluation of the properties of
newly generated materials before conducting DFT validation, thus
saving time compared to traditional DFT validation and experimen-
tal research. By utilizing DGM and property prediction model, it
becomes possible to discover materials with desired properties in

Table 2
Comparison of the BC,P structure. Lattice constant a; bond lengths between B-C, C-C and C-P atoms; bond angles between B-C-B and C-P-C atoms; cohesive energy per
atom.
Material a (A) B-C (A) C-C (A) C-P (A) B-C-B (°) C-P-C (°) Econ (eV/atom)
BC,P (ours) 2.82 1.56 1.42 1.72 129 109 -7.342
BC,P [1] 2.82 1.57 X 1.68 127 123 -7.292
BC,P [34] 2.82 1.63 1.65 1.86 118 119 -6.16
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unexplored material phase spaces, filling the gaps in previously un-
explored areas of the phase space.
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