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ABSTRACT: A major challenge in the field of superhard materials is the
identification of compounds with a hardness exceeding that of diamond.
In this study, we developed a variable-composition inverse material
design (VC-IMD) approach for designing C−N superhard materials. In
this approach, an improved multiobjective optimization algorithm is
introduced, utilizing structure similarity constraint to prevent con-
vergence toward local minima. Combined with active learning, it trains
global machine learning interatomic potentials (g-MLIPs) while exploring
target materials. By comparing several g-MLIPs and selecting the best, the
resulting g-MLIPs achieved reasonable precision within three iterations.
Through multiple searches, 38 novel and stable C−N superhard materials
not present in major computational materials databases were identified.
Notably, the material C3(P6422) with a hardness of 97.4 GPa was
discovered, potentially exceeding that of diamond (94.0 GPa). This approach provided a new pathway for materials design with
target properties.

A holy grail in the field of superhard materials is the search
for compounds that exceed the hardness of diamond.1,2

Superhard materials with excellent Vickers hardness (over 40
GPa)3 are excellent in abrasion resistance and ability to
withstand extreme conditions. Diamond, one of the hardest
knownmaterials, has a Vickers hardness of about 100 GPa and is
therefore widely used in industrial operations.4−8 However,
diamond is unstable at moderate temperatures and in strong
oxidizing environments, as well as reacting readily with iron-
containing materials,9 prompting scientists to search actively for
other superhard materials with excellent mechanical properties
and chemical stability. In recent years, C−N compounds have
become one of the popular research areas due to their potential
high hardness and favorable chemical stability.9−15 Exploring
new C−N superhard compounds would be expected to
overcome the limitations of diamond and develop wider
applications.
In the design of C−N superhard materials, the variability of

composition offers opportunities to explore new material
families with superior properties. In the early stages, traditional
methods for addressing variable-composition problems typically
relied on element substitution based on prototype struc-
tures15,16 or crystal structure prediction (CSP).9,12,17 The
former is inefficient and heavily dependent on the experience
and intuition of scientists, while the latter involves searching for
materials by repeatedly altering compositions, making it
challenging to predict complex compositions. With the

development of computer technology and computational
methods, de novo inverse materials design has become feasible.
However, de novo inverse design of C−N superhard
compounds requires addressing two key problems: (i) the
variable-composition properties, i.e., the variable number of C
andN atoms; and (ii) themultiple target properties, such as bulk
modulus, shear modulus, and so on. The variable-composition
problem is a challenge for optimization algorithms (OA),
because it involves continuous-discrete combination optimiza-
tion and variable-dimension parameter space. Therefore, for this
problem, materials are usually designed by changing the
composition several times in combination with CSP methods,
i.e., variable-composition CSP11,18−20 However, as the number
of atoms increases, the number of searches and computational
complexity will increase exponentially. Moreover, these
methods are usually based on density functional theory
(DFT) calculations.
Fortunately, recent advances and breakthroughs in machine

learning interatomic potentials (MLIPs) have significantly
impacted in various computational materials fields.21−25 Using
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MLIPs, it is possible to quickly relax crystal structure and
calculate the stiffness tensors, thus allowing rapid prediction of
various elastic constants of the material. Notably, training
MLIPs is generally much less costly than training property
prediction models, as a large training dataset can be obtained
through DFT relaxations or a short time for molecular dynamics
simulations. The state-of-the-art MLIPs can achieve near-DFT
accuracy (errors within a few meV).22,26−28 However, most of
the current studies of MLIPs are based on specific prototype
structures or several phases of specific compositions,29,30 which
here is called local MLIPs (l-MLIPs), and these methods are
difficult to use for variable-composition materials design. For the
problem of variable-composition materials design under specific
elements, we need a global MLIPs (g-MLIPs),31 that is
applicable to the whole composition space. Of course, there
are many pre-trained universal MLIPs (u-MLIPs) have been
developed, e.g., M3GNet,32 CHGNet,33 ALIGNN-FF,34 DPA-
2,35 etc. However, these methods typically exhibit lower
accuracy in specific domains; they are difficult to be used
directly, and they require fine-tuning through transfer learning
methods before they can be used. They need to be fine-tuned
using the transfer learning method before being used, and it is
important to note that the DFT data used for fine-tuning should
be generated with the same exchange-correlation functional as
the original training data.
In this study, we develop a general variable-composition

inverse material design (VC-IMD) method, which is based on
our previous development of the full space inverse material
design (FSIMD) method.36 The flow of VC-IMD is shown in
Figure 1, which consists of three main steps: (i) initial dataset
generation (green-block flow), (ii) VC-IMD material search
(blue-block flow), and (iii) g-MLIPs update iteration (yellow-
block flow). First, following the green block flow, the crystal
structures of C−N system compounds were collected from the
existing databases. And after perturbing these structures, an
initial dataset was generated by DFT static calculations, which
was used to train three initial g-MLIPs of the same neural
network architecture. Next, these three g-MLIPs are employed
as calculators for crystal structure optimization and stiffness
tensor calculations, using a customed multiobjective optimiza-
tion algorithm to search the target materials via the VC-IMD
framework. After one round of searching is completed, the
crystal structures with large errors are filtered out based on the
uncertainty ranking of the predicted target properties by g-
MLIPs. Finally, these crystal structures undergo structure
optimization by DFT calculations, and the data from the

optimization trajectories are added to the dataset for a new
round of g-MLIPs training, and next followed by repeating last
two steps.
VC-IMD is developed based on the FSIMD approach. In

FSIMD, a crystal structure (Cry) with Ncomp compositions is
represented as Cry = (a, c, s), where a denotes the atomic type, a
= (a1,...,aNdcomp

) ∈ Ncomp (where denotes the set of all chemical
elements); c denotes the chemical stoichiometry (the number of
atoms for each ai), c = (c1,...,cN dcomp

) ∈ Ncomp; and s refers to the

structural information, s = R L( , )a c3 3 3i i i× × (where R
denotes atomic coordinates and L represents lattice parame-
ters). The optimization algorithm searches for the Cry that
yields the target property (PT) by optimizing (a, c, s), i.e.,

a c sP PCry arg (Cry) arg ( , , )
a c sCry

T
, ,

T= =
(1)

In this work, the goal is to design superhard materials in the C−
N system. Therefore, a is a constant value, i.e., a = (C, N); the
parameters c and s are then optimized by maximizing the target
PT, i.e.,

a c sP PCry argmax (Cry ) argmax ( , )
c sCry

T
,

T= | =
(2)

However, there are two main challenges in this optimization
problem. First, given that c is a discrete variable and s is a
continuous variable, it makes the optimization become a difficult
problem, called combinatorial optimization.37 The second
challenge is due to the dynamic change in the dimension of
the parameter space for s, which is caused by variations in c and,
consequently, the total number of atoms N = ∑ici, making it
difficult for traditional optimization algorithms to handle. In our
method, for the combinatorial optimization challenge, we
convert the discrete variable c into a continuous variable before
putting it into the OA. After the optimization process, the
continuous variable is converted back into a discrete value, thus
resolving the combinatorial optimization challenge. To address
the problem of variable-dimension parameter space, we impose
a maximum atom number limit, Nmax, ensuring that the sum of
atomic counts N = ∑ici ≤ Nmax for any c in its variation range.
The optimization algorithm then operates on the Nmax atomic
coordinates and selects the topN of them to construct the crystal
structure. These ways effectively resolve the issue of
combinatorial optimization and variable-dimension parameter
space, enabling the OA to be used for inverse materials design
with variable composition.

Figure 1. The VC-IMD workflow. Green blocks are for initial dataset generation flow, blue blocks are for VC-IMD material search, and yellow blocks
are for g-MLIPs update iteration. Here, R represents atomic coordinates, L represents lattice parameters, PT, i is the target property predicted by the ith
g-MLIP, P̅̅T and σPdT

are the mean and standard deviation of the PT, i, Sc is the structural similarity.
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To further enhance the efficiency of the OA, we introduced
symmetry constraint17,38 to optimize the structure generation
process. This constraint ensures that the generated crystal
structures conform to the physical symmetry requirements,
thereby reducing the production of invalid structures and
improving search efficiency. Specifically, we incorporated space
group G ∈ {1, 2, ..., 230} and Wyckoff positionW = ({w1, .., wi}|
G) variables into the structure s, represented as s = (R|G;W, L|
G), and optimized G and W using the OA (as shown in eq 3).

c s c R W LP P G GCry argmax ( , ) argmax ( , ; , )
c s c R WG,

T
, , ,

T= = | |

(3)

Meanwhile, the MLIPs learn interatomic interactions by
training models, which significantly reduces the computational
cost while ensuring high accuracy.39−41 Compared to DFT
calculations, MLIPs greatly improve the speed of structure
optimization and property prediction and thus have been widely
applied in materials science in recent years. In this study, g-
MLIPs are the core component of the VC-IMD framework. Not
only do they need to achieve an accuracy comparable to l-
MLIPs, but they must also cover the full potential energy surface
of the system, similar to u-MLIPs, but u-MLIPs are typically
applicable to a broader range of elements that are less accurate.
The goal ofMLIPs is to learn the energy E =MLIP(Cry) and use
the autodifferentiation capabilities of neural networks to
compute the forces F = −∂E/∂R and stresses S = V−1∂E/∂ϵ,
where ϵ is the lattice strain tensor. Different MLIPs differ in the
way they characterize the crystal structure and the neural
network frameworks that they employ. Some MLIPs may focus
on a detailed description of interatomic distances or local
environments,21,42 while others may use more complex graph
neural networks to capture the overall features of the crystal
structure.27,43 Furthermore, the neural framework chosen also
influences how MLIPs perform in different systems. For
example, some frameworks are better suited to simpler binary
or ternary systems,44 while others can handle more complex
multielement systems.32 These differences mean that each
MLIP has its own strengths and weaknesses, making it suitable
for different material design tasks.
To further explore the performance of different MLIP

frameworks in the design of C−N system superhard materials,
we selected several representative MLIPs, including NEP,21

M3GNet,32 CHGNet,33 andMACE.45 NEP utilizes simple local
descriptors, while M3GNet and CHGNet employ graph neural
networks to capture many-body interactions. In contrast, MACE
incorporates equivariant message-passing46 and higher-order
interactions, further enhancing model performance. Moreover,
it is worth mentioning that, as shown in Figure 1, there are two
reasons for training the same three g-MLIPs simultaneously:
first, by assessing the uncertainty in the prediction differences
between multiple g-MLIPs for a structure, it can be determined
whether the structure should be sampled for DFT calculations
and used in the next round of g-MLIPs training; second, to judge
the confidence of the prediction properties by the multiple
prediction results. By using the three g-MLIPs, three predicted
properties PT,i are obtained, from which the mean (P̅T) and
standard deviation (σPdT

) are calculated. The lower confidence
bound of one standard deviation is then used as the final target
property PT (i.e., PT = P̅T − σPdT

)) for OA, which helps to ensure
the reliability of the prediction results.
Mechanical properties are the key to determining whether a

material is a superhard material or not. By calculating the

energy−volume (E-V) curve of a material and fitting its equation
of state (EOS),47 the bulk modulus B can be quickly estimated.
However, the bulk modulus is only one component of hardness;
material hardness typically requires the support of other
mechanical properties, such as the shear modulus. To calculate
these mechanical properties, it is necessary to use more
advanced calculation methods. The energy−strain (E−S)
relationship48 is a common method for calculating the elastic
constants of materials. By applying a series of small strains to a
material and calculating the total energy under each strain, the
E−S relationship can be constructed, from which the stiffness
tensor is obtained. The components of the stiffness tensor
correspond to the material’s elastic response under different
strain states, allowing for the calculation of elastic constants,
including bulk modulus (B), shear modulus (G), Young’s
modulus (Y), and Poisson’s ratio (υ). These mechanical
properties are fundamental for calculating the Vickers hardness.
In this study, the empirical formula49 used for calculating
Vickers hardness is as follows:

H k G2( ) 3v
2 0.585= (4)

where k is Pugh’s ratio (k =G/B). These methods for calculating
mechanical properties are available via MLIPs calculations in
this work, and the pre-processing and post-processing of the
calculations are realized via VASPKIT.48

In superhard materials design with light elements (such as B,
C, N, O), there is a certain correlation between a material’s
density and its hardness; in general, higher density corresponds
to greater hardness.50 Accordingly, before calculating the
hardness of a material, the density is a crucial indicator. In this
study, we used density along with a mechanical property Pm (Pm
∈ {B,G,k,Y,v,Hv}) as the target property in the MOO algorithm
for material search, i.e., PT = (ρ, Pm).
Subsequently, following the workflow in Figure 1, the first step

involves training three identical MLIPs. For training the MLIPs,
a high-quality dataset is crucial in the training of MLIPs.22 Since
of the scarcity of C−N system data in the existing databases, the
available data cannot satisfy the large amount of data required
forMLIPs training, we have to expand the dataset. Therefore, we
needed to expand the dataset to ensure effective MLIPs training.
Here, we employed the ab initio approach, generating an initial
dataset covering a wide range of C−N configurations based on
DFT calculations.
We extracted known crystal structures containing carbon and

nitrogen elements from the Materials Project (MP)51 and the
Open Quantum Materials Database (OQMD),52 including 208
structures with elementary substances and binary compounds.
Due to the limited amount of directly available data, we
expanded these structures to generate more diverse structures
based on the following three ways.
(i) Atomic coordinate perturbation. For each structure, all

atoms were randomly perturbed in three directions with a
perturbation amplitude of−0.5 to 0.5 Å and an interval of
0.1 Å. Ten new structures can be generated for each
structure, for a total of 2080 new structures.

(ii) Lattice parameters perturbation. For each structure, the
lattices were scaled by random perturbation with a
perturbation amplitude of −10% to 10% and interval of
2%. Ten new structures can be generated for each
structure, for a total of 2080 new structures.

(iii) Random generation structures. Randomly generating the
number of atoms, atomic coordinates, and lattices, and
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ensuring that the atomic distance d ≥ 1.0 Å and the cell
volume V ≤ 5 × ∑iVa

i (where Va
i is the ith atomic volume

in a structure), generating 500 structures with 100 carbon
elementary substances, 100 nitrogen elementary sub-
stances, and 300 CxNy binary compounds.

Through these expansion methods, 4868 C−N crystal
structures were obtained. Following DFT static calculations
on these structures, successfully yielding energies (E), forces
(F), and stresses (S) data for 4560 crystal structures Cry. To
ensure data quality, we filtered the data with energy E < 0 eV and
forces−5 eV/Å≤ F ≤ 5 eV/Å, which finally generated a dataset
containing 2449 Cry − (E, F, S) data items, and the distribution
of the dataset is shown in Figure S1. These high-quality data as
the initial dataset were divided into training and validation sets
in the ratio of 90% and 10%, which were used in the subsequent
training of the g-MLIPs. It is important to note that the dataset,
although expanded, is still relatively poor for training g-MLIPs.
To ensure the generalization of the model, the test dataset is not
divided here, as the test dataset will be generated from new
structures identified during the material design process by the
VC-IMD framework.
Then, we trained these MLIPs on the initial dataset and

evaluated their performance on out-of-distribution (OOD) data.
The OOD data refer to samples outside the training set, and
testing on such data effectively examines the generalization
ability of the model. Here, we utilized the initial dataset to train
NEP, M3GNet, CHGNet and MACE models, with three
identical models trained for each MLIP. Subsequently, using
each of the four models, a single round of superhard material
search was conducted with the target properties PT = (ρ, Hv),
resulting in the construction of an OOD dataset. As shown in
Figure 2a, the mean absolute errors (MAEs) for energy and
forces are as follows: NEP (MAEE = 324.6 meV/atom, MAEF =
1117.7 meV/Å), M3GNet (MAEE = 2745.9 meV/atom, MAEF
= 683.7meV/Å), CHGNet (MAEE = 277.5meV/atom,MAEF =
1249.3 meV/Å), and MACE (MAEE = 212.6 meV/atom, MAEF

= 754.6 meV/Å). The experimental results showed that while
NEP,M3GNet and CHGNet performed well on the training set,
their accuracy decreases on the OOD data. In contrast, MACE
showed better performance across all test data, with smaller
errors and greater stability. MACE’s high accuracy and strong
generalization performance make it an ideal tool for dealing with
complex material design problems. Based on these test results,
we finally selected MACE as the g-MLIP for the VC-IMD
framework in the design of variable-composition C−N system
superhard materials.
Meanwhile, during the first round of exploration, it was

observed that the optimization algorithm frequently became
trapped in local minima, limiting the efficiency and effectiveness
of the search process. Therefore, we introduced structural
similarity analysis to identify and bypass similar structures that
appear during the OA’s sampling process. With this approach,
the OA can be effectively prevented from trapping in local
minima, thus enhancing the global search capability and
increasing the diversity of the discovered compounds. The
structural similarity is based on X-ray diffraction (XRD) patterns
of the crystal structures and is calculated using cosine
similarity53 (eq 5).

A B
A B

A B
S

A B

A B
( , ) cos( ) i i i

i i i i
c 2 2

= ·
|| || || || ||

=
·

(5)

where A and B are the XRD intensity values of any two crystal
structures, θ is the angle between A and B, and Ai and Bi are the
ith values of A and B. Since Ai,Bi ≥ 0, Sc ∈ [0, 1]. The closer the
Sc value is to 1, the more similar the two structures are. For
example, as shown in Figure 3a, the XRD spectra of diamond,
cubic C3N4 (c-C3N4) and β-C3N4 are presented, and Figure 3b
shows their similarity matrix. We determine whether a sampling
instance is accepted by the OA by setting a maximum number of
samplings (Nsamp) for the same structure. If a structure has been
sampled Nsamp times and is sampled again, the OA will skip that
sampling. To evaluate the performance of the OA, we run the
material searches with and without structural similarity
constraints, and the results are shown in Figures 3c and 3d.
Without the structural similarity constraint, the OA falls into a
local optimum at ∼500 steps, with nearly 40% of the structures
being similar within 1000 steps. In contrast, when the structural
similarity constraint was applied with settingNsamp = 3, the ratio
of duplicate structures is significantly reduced to 2%, which
shows that the similarity constraint is effective in helping the
algorithm to avoid local minima and improve the global search
capability.
To improve the prediction accuracy of the g-MLIPs, we have

updated the MACE-based g-MLIPs in several iterations. In this
study, we conducted three updates of the g-MLIPs from the
initial dataset trained g-MLIPs. The datasets for each update
were obtained through material searches using the VC-IMD in
1500 steps, with the target property PT = (ρ,Hv). After each
search had been completed, we removed duplicate structures
and extracted new structures. These structures were then ranked
based on the σP dT

, and those with σPdT
> 5 GPa were selected for

DFT structure optimization. From the structure optimization
trajectories, if the number of converged ionic stepsNtraj ≤ 10, all
were selected; if Ntraj > 10, 10 configurations were uniformly
sampled, and then these configurations were added into the
training dataset. To accelerate the g-MLIPs training, each update
of the models is based on the previous trained models in full,

Figure 2. The MLIPs training results. (a) Comparison of errors in the
energy and force of OOD dataset for initial trained MLIPs. (b) Energy
and force errors on OOD dataset for three iterations of MACE-based
MLIPs. (c) Energy errors of MACE-based MLIPs on all datasets. (d)
Force errors of MACE-based MLIPs on all datasets.

The Journal of Physical Chemistry Letters pubs.acs.org/JPCL Letter

https://doi.org/10.1021/acs.jpclett.5c00181
J. Phys. Chem. Lett. 2025, 16, 4392−4400

4395

D
ow

nloaded from
 pubs.​acs.​org/​jpclcd/​article-pdf/​16/​18/​4392/​42038240/​jz5c00181.​pdf by SO

O
C

H
O

W
 U

N
IV user on 06 Septem

ber 2026

https://pubs.acs.org/doi/10.1021/acs.jpclett.5c00181?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.5c00181?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.5c00181?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jpclett.5c00181?fig=fig2&ref=pdf
pubs.acs.org/JPCL?ref=pdf
https://doi.org/10.1021/acs.jpclett.5c00181?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


instead of training from scratch. In the three rounds of searches,
514, 608, and 117 new structures with σH dv

> 10 GPa were
generated, respectively. After DFT optimization, 3409, 3937,
and 1108 new configurations were obtained. From these
calculation results, Cry − (E, F, S) data were extracted, with
their distribution shown in Figures S2−S4. After one initial
training and three update trainings, the g-MLIPs underwent four
generations of iterative optimization. During these iterations,

the prediction error of the g-MLIPs gradually decreased, and the
overall performance was continuously optimized.
As shown in Figure 2b, the MAEs of the out-of-distribution

predictions for energy in the first three generations were 188.6
104.9, and 57.2 meV/atom, respectively, and theMAEs for force
were 790.6 463.4, and 332.2 meV/Å, all showing a decreasing
trend. This indicates that the prediction accuracy of the model
improved with each update. Finally, in the fourth-generation

Figure 3. Performance of multiobjective optimization algorithms for structure similarity constraint. (a) XRD spectra of diamond, c-C3N4, and β-C3N4.
(b) The structure similarity matrix of diamond, cubic-C3N4, and β-C3N4. (c) The structure similarity matrix of all structures in the material search
without using structure similarity constraint. (d) The structure similarity matrix of all structures in the material search with using structure similarity
constraint.

Figure 4. The results of DFT calculations for the candidates: plots of (a) bulk modulus vs density, (b) shear modulus vs density, (c) Pugh’s modulus
ratio vs density, (d) Young’s modulus vs density, (e) Poisson’s ratio vs density and (f) Vickers hardness vs density, respectively. The areas with yellow
regions are the candidates that were Hv ≥ 40 GPa in panel (f).
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model, the errors in the whole dataset for energy and force were
reduced to 27.8 meV/atom and 66.9 meV/Å, respectively, as
shown in Figures 2c and 2d. These results demonstrate that,
through multiple iterative updates, the performance of the g-
MLIPs was significantly improved across the entire dataset, with
marked enhancements in prediction accuracy and reliability.
Meanwhile, as shown in Figure S5, some candidate materials
with relatively high bulk moduli were identified during these
material searches, indicating that some of these materials may be
potential superhard materials.
Through the VC-IMD framework, combined with g-MLIPs

and theMOO, we can efficiently work on inverse material design
with variable composition. To explore superhardmaterials in the
C−N system, we set multiple target properties PT = (ρ, Pm) for
several rounds of searches. In this study, the choice of Pm is
crucial, we selected four mechanical properties closely related to
material hardness: B, G, k, and Hv. And these mechanical
properties were all calculated by using the E-S method. There
were two search flows for each Pm, and all search flows were run
for 1000 steps. For selecting excellent candidates, we
consolidated all search results, including the data used to train
the g-MLIPs, yielding a total of 9944 materials. Six mechanical
properties of these searched structures were calculated by g-
MLIPs via the E-S method: B, G, k, Y, ν,Hv. For further accurate
screening, we focused on structures with a density (ρ) within the
range of 3−5 g/cm3, as there is often a correlation between
density and hardness in the design of light-element superhard
materials. Based on this density criterion, 634 materials were
selected from an initial pool of 9944 materials. The relationship
between these mechanical properties and ρ is shown in Figure
S6 for assessing the potential properties of the materials more
visually. Given that materials with k > 0.9 or Hv > 40 GPa are
widely considered as potential superhard materials,9,54 to
maximize the discovery of candidate materials, we further

expanded the screening criteria to k > 0.8 or Hv > 30 GPa. This
extended screening approach increases the number of
candidates and prevents more potential candidates are missed.
As a result, 154 materials were ultimately selected for further
validation.
The screened materials were further validated by DFT

calculations with 130 materials successfully passing the
validation. The DFT-calculated mechanical properties are
presented in Figure 4 and Table S1. These results were
compared with those of common materials, such as diamond, c-
C3N4, and β-C3N4, to better assess the potential of the identified
materials. Notably, we observed that several materials exceeded
the properties of diamond in each of the mechanical property
categories (as shown in Figure 4). Among the 130materials, 100
exhibited Hv ≥ 40 GPa, classifying them as potential superhard
materials. To validate the stability of these superhard materials,
we further computed their phonon spectra. This led to the
identification of 38 new stable superhard materials. Additionally,
we compared the elastic properties (B, G, Y, and Hv) calculated
by g-MLIPs with the DFT results for these materials, as shown in
Figures S7−S10, further demonstrating the reliability of the g-
MLIPs. The mechanical properties of these materials, alongside
three common materials (diamond, c-C3N4, and β-C3N4), are
summarized in Table 1, with the complete results available in
Table S2. Interestingly, several CxNy materials demonstrated
superior properties compared to c-C3N4. For example, the Hv
values of C7N4(P4̅), C8N4(P1̅), C3N4(P4̅3m) were 60.86, 60.77,
and 58.52 GPa, respectively, all of which exceeded that of c-
C3N4 (49.69 GPa). Figures 5a−c showcases the structures and
phonon spectra of three CxNy materials with hardnesses
exceeding that of c-C3N4. These CxNy materials, with their
higher hardness, demonstrate significant potential as superhard
materials. Moreover, a substantial number of carbon materials
were found to exhibit superhard characteristics. Several carbon

Table 1. Top 20 Stable Candidates and Their Mechanical Propertiesa)

# compound space group ρ (g/cm3) B (GPa) G (GPa) k (GPa) Y (GPa) ν Hv (GPa)

− diamond Fd3̅m 3.50 442.09 530.05 1.20 1136.10 0.07 94.04
− c-C3N4 I4̅3d 3.78 439.07 372.58 0.85 871.29 0.17 49.69
− β-C3N4 P63/m 3.62 407.11 311.71 0.77 744.99 0.20 39.09
1 C3 P6422 3.63 430.44 530.89 1.23 1128.66 0.06 97.40
2 C2 I41/amd 3.55 455.52 540.08 1.19 1161.28 0.08 93.84
3 C6 R3̅m 3.49 434.51 520.76 1.20 1116.32 0.07 93.00
4 C4 P63/mmc 3.49 436.95 522.01 1.19 1120.01 0.07 92.77
5 C2 Fd3̅m 3.51 441.04 522.62 1.18 1123.92 0.08 91.93
6 C6 P6522 3.42 399.16 473.29 1.19 1017.65 0.08 86.65
7 C6 Cmcm 3.23 380.52 434.14 1.14 943.57 0.09 78.48
8 C12 Ia3̅d 3.46 410.60 441.73 1.08 975.40 0.10 73.84
9 C6 P6122 3.20 388.72 424.68 1.09 933.92 0.10 73.45
10 C6 Fmmm 3.25 385.74 418.82 1.09 922.56 0.10 72.29
11 C6 C2/m 3.24 383.08 412.51 1.08 910.66 0.10 70.90
12 C8 Cmce 3.31 402.15 424.48 1.06 942.00 0.11 70.42
13 C15 P1 3.29 359.29 392.07 1.09 862.49 0.10 69.86
14 C4 I4/mmm 3.38 431.02 437.52 1.02 980.71 0.12 68.39
15 C8 Imma 3.26 384.83 399.44 1.04 890.28 0.11 66.47
16 C7N4 P4̅ 3.44 360.19 364.28 1.01 817.31 0.12 60.86
17 C5 C2 3.25 319.27 336.03 1.05 746.28 0.11 60.82
18 C8N4 P1̅ 3.44 374.39 373.48 1.00 840.85 0.13 60.77
19 C5 C2 3.18 346.72 354.26 1.02 792.77 0.12 60.58
20 C3N4 P4̅3m 3.70 386.30 373.67 0.97 847.68 0.13 58.52

aFor the mechanical properties, bold indicates that the property of the carbon material exceeds that of diamond, while underlined indicates that the
mechanical property of the CxNy material exceeds that of c-C3N4.
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materials displayed mechanical properties comparable to or
even surpassing those of diamond. Among these, C3(P6422)
stood out as particularly intriguing, because its hardness exceeds
that of diamond. Figures 5d and 5e display the structures and
phonon spectra of both diamond and C3(P6422) for
comparison. Our analysis revealed that the arrangement of
atoms in C3(P6422) is notably more compact, with a density of
3.63 g/cm3, which could explain its superior Hv over diamond.
This discovery highlights the potential of C3(P6422) as an
extraordinary material, warranting further investigation into its
structural and mechanical properties. This discovery highlights
the potential of C3(P6422) as an extraordinary superhard
material, warranting further investigation into its structural and
mechanical properties.
In this work, we developed a framework combining MLIPs

and optimization algorithms for variable-composition inverse
material design. The MACE model, selected for its superior
performance among NEP, M3GNet, and CHGNet, was
iteratively improved using an active learning strategy, enhancing
the predictive accuracy and generalization. And we introduced
an improved multiobjective optimization algorithm to optimize
properties like density and hardness, incorporating structural
similarity constraints to reduce redundancy and improve global
search efficiency. Using this framework, we explored the C−N
chemical space, identifying 38 novel superhard materials absent
from the major computational materials databases (including
MP, OQMD, AFlow,55 and Alexandria56) after DFT and
phonon spectrum validations. This method provides a versatile
approach for variable-composition inverse material design,
extendable to other systems and properties, such as bandgap
or adsorption energies, offering significant potential for
functional material discovery.
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