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Melting simulations of high-
entropy carbonitrides by deep
learning potentials

Viktor S. Baidyshev?, Christian Tantardini?3“*“ & Alexander G. Kvashnin®**

The melting temperature is a crucial property of materials that determines their potential applications
in different industrial fields. In this study, we used a deep neural network potential to describe the
structure of high-entropy (TiZrTaHfNb)C N, _carbonitrides (HECN) in both solid and liquid states. This
approach allows us to predict heating and cooling temperatures depending on the nitrogen content
to determine the melting temperature and analyze structure changes from atomistic point of view.

A steady increase in nitrogen content leads to increasing melting temperature, with a maximum
approaching for 25% of nitrogen in the HECN. A careful analysis of pair correlations, together with
calculations of entropy in the considered liquid phases of HECNs allows us to explain the origin of the
nonlinear enhancement of the melting temperature with increasing nitrogen content. The maximum
melting temperature of 3580 + 30 K belongs to (TiZrTaHfNb)C ,.N, ,; composition. The improved
melting behavior of high-entropy compounds by the addition of nitrogen provides a promising way
towards modification of thermal properties of functional and constructional materials.

Refractory materials play a key role in various industries where materials should work at extreme conditions,
namely extreme heat, thermal shock, and chemical corrosion, making them essential for maintaining the
integrity of industrial processes. The widely used materials among ceramics and oxygen- and carbon-based
ceramics like magnesium oxide!, silicon carbide??.

When the refractory metals are considered to be those metals melting at temperatures above 1850 °C,
twelve metals are in this group: W (melting point 3410 °C*), Re, Os, Ta, Mo, Ir, Nb, Ru, Hf, Rh, V, Cr. The
combination of these metals together with carbon allows one to obtain high-temperature carbide ceramics and
even more intriguing materials as high-entropy ceramics. High-entropy carbide (HEC) ceramics are defined as
a solid solution of five or more cation or anion sublattices with high configurational entropy®. Nowadays there
are many studies devoted to high entropy carbides®!!. Addition of another element as nitrogen potentially
will increase the high-temperature stability of entire ceramic. The introduction of nitrogen into the lattice of a
carbide promotes physical, mechanical, and chemical properties due to the formation of strong hybrid bonds
between the d-electrons of the metal component and the s, p-electrons of C/N and the C=N triple bond!>!3.

Thus, a new class of carbonitrides of transition metals is promising for refractory applications. According
to experimental measurements they possess high hardness, oxidation resistance and refractoriness allowing
these materials to be used in the production of cutting tools'*~'°. A study of binary carbonitrides proved an
improvement in the physical and chemical properties relative to the corresponding mono-compounds'”. Thus,
the idea of increasing the elemental composition of compounds using the high-entropy concept to achieve
outstanding properties has the potential'$%°.

As the experimental measurement of melting temperature is resource-consuming it is much more preferable
to use computational approach in order to predict this parameter. Moreover efficient and accurate method for
predicting the melting temperature will allow the screening of refractory materials across existing databases.
Computational methods for predicting the melting temperature have a long history?’, which is based on a variety
of different computational approaches having different accuracy. Density functional theory (DFT) is actively
used to predict melting temperatures of various materials*?2. There are also several mechanical methods that
can be used to determine the melting temperature. A vibrational-based model of melting was introduced by
Lindemann? which explains the melting phenomenon in terms of instability caused by and the average amplitude
of thermal vibrations of atoms. Another approach proposed by Born? is based on determination of melting as
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mechanical instability of the crystal, i.e. if the condition of C,, > 0 is violated than crystal begins to melt. Despite
high accuracy of DFT in predicting the Gibbs free energies of solid and liquid states, and mechanical approaches,
thest methods cannot be used directly to describe the formation of homogeneous melt nucleation inside the
crystal during the melting. Melting process in terms of atomistic point of view can be successfully simulated and
analyzed using the following methods among many others.

Hysteresis method is a simulation process that involves two main steps: (1) the system is heated gradually
from an initial temperature T, to a final temperature T, at a constant pressure to obtain T* point describing
the superheating point; (2) the temperature is gradually decreased from T, to T, and the T~ temperature
(supercooling) is determined (the temperatures T+ and T~ could be determined where there is a discontinuity
in the volume of the system); (3) the estimated melting temperature could be evaluated using the following
proportion Thy = Ty + T — /T T_%7%.

Two-phase method is the method involves the exchange of energy between the solid and liquid phases under
constant pressure conditions to reach a stable state at the melting temperature?®-31. As it follows form the name
of the method, the determination of the melting temperature comes from the simulation of coexistence between
the solid and liquid phases of a particular compound. This technique is the most accurate for multicomponent
compounds*2. The main limitation of this method is the need to consider relatively large supercells in order to
achieve a stable solid-liquid interface. Thus, the prediction of melting temperatures is quite complicated and
resource consuming in terms of ab initio simulations but is possible with molecular dynamics simulations with
empirical or machine learning potentials.

Recent advancements in machine learning interatomic potentials (MLIPs) open new prospective ways for
accurate predictions. Unlike empirical potentials, MLIPs employ various representations of crystal structures,
including methods such as GAP33, MTP*!, NNP3*>%, DeepMD?’, etc. The application of machine learning (ML)
techniques in atomistic simulation of materials has gained significant momentum in the last decades®-*2.

Here we developed the DeepMD potentials to study the melting temperature of refractory TiZrTaHfNbC N,
carbonitride ceramics. Potential was trained on the ab initio molecular dynamics trajectories allowing to achieve
high accuracy for our predictions. Our approach aims to extend the capabilities of classical molecular dynamics
simulations, enabling accurate simulation and analysis of the melting process with prediction of the melting
point of high-entropy carbonitrides. Dependence of the melting temperature on the nitrogen content in the
considered HECNs was determined and analyzed.

Computational details

Training of machine learning potential

Training of deep neural network (DNN) potential was performed by using the DP-GEN package*’, which was
previously successfully used for training of DNN potentials and simulations**. Here the interactive or active
learning process is used. The learning process consists of iterations, each iteration is divided into three stages:
training, exploration, and labelling. In the first iteration, small datasets are generated from ab initio molecular
dynamics (AIMD) calculations (see (1) in the Fig. 1). In this step, we considered HECN structure in the crystalline
and liquid states, and for each structure we performed AIMD simulations at a constant temperature of 3500 K
during the 200 steps with a timestep of 1.5 fs. AIMD simulations were performed in the VASP code*>~*". This
training set was used to obtain pre-trained DMD1 potential (see (2) in the Fig. 1).

At the next stage (exploration) we used the LAMMPS package®® to perform classical molecular dynamics
simulations with the pre-trained potential and select candidates for further training. We used two MD
simulations that have followed in succession one after the other.

In the first MD simulation, we simultaneously used Monte Carlo and molecular dynamics simulations at a
temperature of 3000 K where metal atoms were randomly swapped between each other, and C and N atoms were
also swapped during the simulation (step (3) in the Fig. 1). MD was carried out within the NVT ensemble with
a time step of 0.5 fs with a total simulation time of 1 ps. During this time the system was allowed for 200 swaps
between all types of atoms (200 X 5= 1000 for metal atoms and 200 swaps between C and N atoms). In the case
of HEC and HEN only metal atoms were swapped.

During the simulation we performed the selection of configurations according to the model rejection criterion
8, defined by the maximum forces acting on the atoms*® (see (3a) in the Fig. 1). We have chosen a criterion
according to which configurations are identified as accurate when § <0.1 eV/A, as failed when §>0.5 eV/A,
and as candidates in the intermediate case. From the set of candidate configurations, a small number of
configurations are randomly selected for labelling, in our case 150 (30 for each system), (3b) in the Fig. 1. At the
labelling stage, the candidate configurations are calculated using DFT methods (see (3b) in the Fig. 1). To obtain
the energies and forces acting on the atoms, the only one self-consistent calculations for electronic relaxation
is performed without structural relaxation. After about 100 iterations of such learning procedure, we obtained
second generation of the potential, namely DMD2, see (3¢) in the Fig. 1.

Next, the structures obtained from MC were heated within the NPT ensemble from 3000 to 5000 K
for 10 ps (step (4) in the Fig. 1). This allowed one to melt the crystal and obtain the liquid phase. We have
considered the following structural compositions as initial for simulations of liquid phases: TiZrTaHfNbC, N,
TinTaHbeC75N25, TieraHbecsoNso’ TinTaHﬂ\IbC25N75, TinTaHbeCONIOO. We considered pure HEC,
HEN and mixed HECN with C-75%N-25%, C-50%N-50%, C-25%N-75% concentration. Each structure had a
size of 9.07 Ax9.07 Ax9.07 A and contained 64 atoms in total. During the simulation of liquid phase the active
learning procedure, (4a)-(4c) in the Fig. 1, similar to steps (3a)-(3c) was applied. After about 100 iterations
the final potential DMD?3 (step (5) in the Fig. 1) was obtained. DMD3 potential then was used for the rest of
simulations.

In total there are about 200 iterations of learning during which about 9000 new configurations were selected,
energies, forces, and stresses were calculated and added to the potential DMD3.
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Fig. 1. Principal scheme of training the potentials for prediction of melting temperature.

For each trained DMD potential the sizes of the embedding and fitting nets are set as (25, 50, 100) and (120,
120, 120), respectively. The cut-off radius is set to 6 A. Each model is trained with 5000 gradient descent steps
with an exponentially decaying learning rate from 10~* to 10-8.

Details of DFT calculations
Our calculations are based on the density functional theory (DFT)*** within the generalized gradient
approximation with Perdew-Burke-Ernzerhof functional (PBE)*! and two revised versions, namely rPBE*? and
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Fig. 2. (a) Principal scheme of determination of superheating (T*) and supercooling (T~) temperatures of
considered structure. (b) Schematic melting hysteresis curve. Heating cycle is shown by red, while cooling is
shown by blue color. Solid and liquid regions are shown by black color.

HIC (4096 atoms) | T, K | T K | T,, K | TS K
PBE 4441 | 2962 | 3776 | 423248458
PBEsol 443 | 2008 | 3792 | 41007
396213
(PBE 4347 | 3122 | 3785 | 36739

Table 1. Determined superheating, supercooling and melting temperatures for HfC using PBE, PBEsol, and
rPBE functionals. T* is the melting temperatures from reference data.

PBEsol*® with the projector augmented wave method®*>® as implemented in the VASP** code. The plane
wave energy cutoff of 400 eV, the Methfessel-Paxton smearing® of electronic occupations, and T'centered
kpoint meshes with a resolution of 27 x 0.025 A~! for the Brillouin zone sampling were used, ensuring the
convergence of the energy differences and stress tensors.

To check which functional, namely PBE, PBEsol, and rPBE, is more suitable for simulations of melting
and determination of melting temperature we have performed preliminary training of DeepMD potentials for
HfC system. Training procedure presented in Fig. 1 was used for training potential for HfC. During the active
learning steps (3a and 4a in Fig. 1) there are 2846, 2395, and 3800 new configurations were sampled for PBE,
PBEsol, and rPBE functionals respectively. Using trained potential the procedure described in Fig. 2 is employed
to determine superheating (T*) and supercooling (T-) temperatures of HfC, which are presented in Table 1. The
highest difference between prediction and reference experimental data does not exceed 10%. It is known, that
PBE functionals may underestimate the melting temperature of carbides compared to experimental data!>*’.
One can see that DMD potential trained on the rPBE data shows the best agreement with reference data on
melting temperature for HfC. As a results, all further DMD potentials for simulations are trained with rPBE
functional.

Results and discussion

Accuracy of DMD potential

To be sure about the correctness of obtained results on the melting temperature we should proof the accuracy
of trained potentials. The potential, obtained according to developed scheme (DMD3 in Fig. 1) showed
high accuracy. The correlation plot for the energy is shown in the Fig. 3a, where the data for 9014 collected
configurations are shown. Root mean square (RMS) error in energies per atom predicted by DMD3 potential are
about 0.084 meV/atom, with the maximum absolute error of 6.1 meV/atom.

One can note from the Fig. 3a that maximum density of the data concentrated in the regions from —9.875
to -9.7 eV/atom, which correspond to the energy range of solid configurations. This region is enlarged and
shown in Fig. 3b. Configurations which are chosen for training distinguish from each other by the distribution
of metal and carbon/nitrogen atoms in the volume of the cell. Small deviation in total energy indicates about the
energetic identity of all considered structures. Energy changes with increase temperature when atoms are out of
equilibrium. However, the disordered structures do not show greater error in the energy predictions. Thus, we
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Fig. 3. The correlation plots for (a) energy per atom. (b) Zoomed region highlighted by red contains the
highest density of data points.

can conclude that DMD3 potential trained within the developed procedure described in Fig. 1 can be used to
calculate the melting curves of high-entropy materials.

Melting simulation

Simulation of melting process of structures with different compositions are carried out within the NPT ensemble.
Periodic structures with the 36 X36x 36 A containing 4096 atoms are considered. The melting temperature is
determined using multi-step procedure. The principal scheme of this procedure is shown in Fig. 2a.

First, the structure is held at constant temperature of 3000 K for 25 ps, (1) in Fig. 2a, then structure is heated
from 3000 to 5000 K during 250 ps (see (2a) in Fig. 2a), which corresponds to a heating rate of 8 x 10! K/s. Then
the cooling of the system simulated from 5000 to 3000 K with the same rate as for heating (see (2b) in Fig. 2a).
Temperature and potential energy for heating and cooling simulations are averaged over time with a step of 2.5
ps. These steps allow us to obtain a classical heating and cooling curves (step (3)) as shown in the Fig. 2b by red
and blue colors.

More attention should be paid to the transition region of each of obtained curves as due to the high heating
(cooling) rate we may have skipped the transition region. Next step, (4) in the Fig. 2a, we determine the nonlinear
region of the curve close to the transition (Fig. 2b). Then we choose the middle point of the nonlinear region
on both curves (see (5) in Fig. 2a) and start the simulation at constant temperature (NPT) corresponding to the
velocity distribution at this step during the 50 ps, (6) in Fig. 2a. Subsequently, it is necessary to check whether
the structure has undergone a transition to a liquid state (or solid state for the cooling curve), (7) in Fig. 2a.
If the structure remains in the solid state (or liquid for cooling) at the end of simulation, the temperature will
increase (decrease) by 10 K, and the process will proceed to point 2 in Fig. 2a. Thereafter, the simulation will be
repeated from this point for a duration of 50 ps. This procedure is repeated until a liquid phase is obtained for
the heating curve or a solid phase is obtained for the cooling curve, (8) in Fig. 2a. The temperatures at which the
transition to the liquid (solid) phase occurred are defined as T* and T". Then melting temperature is determined
as Ty = Ty +T- — /T T_. For the heating curve, if the structure goes into the liquid phase during the first
50 ps, (6) in Fig. 2a, we reduce the temperature by 10 K and move down the melting curve (point 3 in Fig. 2b).
Similar for the cooling curve, if the structure goes into the solid phase, we increase the temperature and move to
the point 3 on the cooling curve in Fig. 2b. We repeat this procedure until a solid phase was obtained for heating
and liquid phase for cooling to determine T*, T~ and then T,;. The solid and liquid phases are determined
by changes in the Radial Distribution Function (RDF) using the OVITO package®® and by potential energy
jump. For each concentration an ensemble of structures consisting of 10 different (mixed) configurations was
considered.

Melting temperature of high-entropy carbonitrides

Developed approach is applied for calculations of melting temperature for (TiZrTaHfNb)C, N_carbonitrides,
where x changes from 0 to 1 with increment of 0.25. Crystal structures of simulated compounds at 3000, 3500,
4000, and 4500 K during heating are shown in Fig. 4. One can see that in the solid state the non-metal sublattice
displays ordered structure with only metal-carbon bonds, while at increased temperature (4500 K) carbon-
carbon bonds appears and carbon chains form (detailed description is presented below). For carbonitride
we observed similar situation, i.e. the formation of C-C, C-N and N-N bonds, which is analyzed below. The
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temperature of 4000 K represents a condition close to the melting temperature, where some regions with C-C
bonds for HEC and C-C, C-N, N-N bonds for HECN are formed indicating the nucleation of the liquid phase.

Simulated heating (red) and cooling (blue) curves for studied compounds obtained using only steps (1) and
(2) from Fig. 2a are shown in top and right panels of Fig. 5. Since we considered 10 different configurations for
each composition, there are variations in the simulated solid-liquid and liquid-solid transitions. Considering
high-entropy carbide ((TiZrTaHfNb)C, HEC, Fig. 5a) one can see that superheating temperature is determined
to be 4360 K, with the error of 130 K associated with different configurations, while supercooling temperature is
2440+ 80 K (resulting T, = 3540 + 65 K). Similar situation observed for (TiZrTaHfNb)C, ,.N, 2 (HEC, ,:N 55
in Fig. 5) structure where the difference between superheating and supercooling temperatures is about 2000 K.
The error in determination of temperatures (T%, T, TM) for other considered carbonitrides is not more than
100 K. One can note the lowest melting temperature to HEN, which is 3000+ 80 K. Reducing the nitrogen
content (HENQHEC) leads to an increase in melting temperature. However, it was expected that the highest
melting temperature should be devoted to HEC, but our results show the enhanced TM 0of 3600 K for HEC,,.N 55
structure compared to HEC, see Fig. 5.

For each composition we have refined the superheating and supercooling temperatures by applying the rest
of steps described in Fig. 2a, namely (3)-(7). To study in more detail the peculiarity in the behavior of melting
temperature on the nitrogen concentration we plotted the dependence of refined temperatures as shown in the
main panel of Fig. 5. Refined values are shown by crosses, while temperature values obtained directly from the
melting curves are shown by open circles. Refined values of superheating, supercooling and melting temperatures
together with those obtained from melting curves are summarized in Table 2. As one can see, refining procedure
mainly influences on the supercooling temperature, which becomes higher after refining. At the same time the
superheating temperature becomes lower after refining. Thus, calculated melting temperatures almost do not
change. We have observed nonlinear behavior for temperature dependencies on the nitrogen concentration, see
Fig. 5. Addition of small amount of nitrogen leads to slightly increased melting temperature from 3480+50 K
for HEC to 3580+ 30 K for HEC,, ,.N,  ,.. To analyze this region of concentrations we additionally simulated the
melting curves and calculated the melting temperatures for two concentrations close to HEC N, to verify
the increase in temperature. Calculated melting temperatures for HEC, ;N ,, and HEC ;N ,. are presented in
Table 2 and shown in Fig. 5 as well. Based on this information we can conclude that addition of small amounts of
nitrogen increases melting temperatures. However, as one can note, further increases in nitrogen content leads
to decrease to 2900 + 50 K for HEN. It should be noted that refined melting temperatures are calculated with less
error compared to data from the melting curves, see Fig. 5.

Discussion

Considering refractory materials, it is possible to define an effective and well-known approach to achieving
a higher melting point, which is related to nonstoichiometric compositions with a depletion of carbon in
carbides®?. The compounds with the highest melting temperature belong to solid solutions of HfC and TaC.
The enhanced melting temperature can be achieved by the formation of C-vacancies®? or by substituting carbon
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Fig. 5. Dependence of the superheating (red) and supercooling (blue) temperatures of (TiZrTaHfNb)
C, N, on the nitrogen concentration x. Error bars come from the consideration of 10 configurations for
each composition. Open circles indicate data obtained from the curves presented in top and right panels,
while crosses show refined temperatures obtained by developed procedure (Fig. 3a). Top and right panels
show calculated melting hysteresis with heating (red) and cooling (blue) curves for studied high-entropy
carbonitrides, namely HEC, HEC, 4N, |, HEC, ,.N, ,., HEC, ;N o, HEC N, ., HEC ,.N, _, HEN.
From melting curves Refined
Compound | T+, K T, K Typ K T, K T, K T, K
HEC 4360+ 130 | 2440480 | 354065 | 4140+20 | 2680+70 | 3480450
HEC, (N, | 4380480 | 2500%50 | 357065 | 4200410 | 2690+35 | 3530 %25
HEC, N, ,; | 4400480 | 250075 | 360090 | 426015 | 2720%35 | 3580 %30
HEC, N, | 4360475 | 2520%35 | 356060 | 424010 | 2690+35 | 3550 %25
HEC, N, |43004£95 |2500240 | 3520460 | 415020 | 2640%50 | 3480 %40
HEC, N, | 4100495 | 2200%55 | 330075 | 395015 | 236040 | 3260 %30
HEN 383080 | 178090 | 3000475 | 3660425 | 1940465 | 2900+ 50
Table 2. Calculated superheating, supercooling, and melting temperatures of studied high-entropy
compounds from melting curves and refined data.
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by nitrogen'?. It was shown!? that the addition of nitrogen significantly changes the liquid structure due to the
instability of the C-N and N-N bonds. The liquid is stabilized by its higher entropy, which offsets its higher
enthalpy. In particular, the higher entropy of the liquid is reflected by its large variety of pairwise correlations.
To illustrate, the entropy of a liquid is greater than that of an ideal gas with the two-body exceeding entropy
(Sex/kB), being the dominant contributor. This can be defined as follows:

i': =-2mp Y i,jfﬂil‘j/ (95 (1) In (93 (r)) = (935 (r) = 1)) r*dr,

where p is the atomic density, x; and x; are the fractional compositions of elements in high-entropy compound
between which the pair correlations are calculated, 8;is the pair correlation function between the elements i and
j>and r is the distance between atoms j and i.

Pair correlation functions are calculated for solid, pre-melted, and liquid phases of HEC, HEN, and
HEC, ,.N, ,; obtained as shown in Fig. 6a—c. Structure of (TiZrTaHfNb)C,_.N,,. (HEC,,.N,,., HECN) is
chosen as it possesses highest melting temperature among considered carbonitrides. Considering the solid state
of high-entropy materials a similarity between their pair correlation functions can be observed (Fig. 6a). The
dominant first neighbor of C and N in HEC, HEN, and HECN is metal (see red and blue Me-C and Me-N
correlation peaks). Here we do not distinguish metals by type. Distances between C/N and Me atoms is about
3.15 A for all compounds. This is due to the small changes in lattice parameters during the transition from
HEC to HEN with the substitution of C by N. Pair correlation functions calculated for the pre-melted state are
shown in Fig. 6b. One can clearly see the differences between HEC, HECN, and HEN in this state, as part of the
volume is now partially in the liquid state. For HEC the dominant first neighbor of C becomes carbon, while
the positions of the Me-C correlation peaks do not change. It can be stated that initialization of the melting
starts from the formation of stable C-C carbon chains. A similar situation is observed for HECN, where the first
correlation peaks are C-C, and C-N (Fig. 6b), indicating the stability of C-C and C-N bonds. For HEN the first
correlation peak is Me-N rather than N-N showing significantly different behavior.

The most interesting and important analysis can be done for liquid states of considered compounds. It
is evident that the dominant first neighbor of C in HEC liquid is carbon (Fig. 6¢). It again evidenced about
greater stability of C-C bonds, which forms a strong first neighbor correlation peak, where even C chains with
more than three C atoms are found in the simulated atomic structure. Second neighbor peak belongs to Me-C
bonds. In contrast, for HEN (Fig. 6¢) the first neighbor of N is metallic atom, rather than another nitrogen.
This indicates low stability of the N-N bonds in the liquid HEN phase. First correlation peak for Me-Me bonds
almost coincides with N-N peak, Fig. 6¢, which again differs from HEC. Considering liquid state of HECN one
can see additional correlation related to C-N bonds, Fig. 6¢c. The intensity is lower compared to C-C, which is
also indicates about low stability of the C-N and N-N bonds in the liquid HECN phase. These peculiarities in
pair correlation functions of HECN compared to HEC and HEN may lead to differences in melting temperature.

To understand the reason of enhancement of melting temperatures we have calculated the excess entropy
for HEC, HEC 4N ;,, HEC,.N ,., HEC| N ., HEC,.N, . as shown in Fig. 7. The reduced variety of pair-
wise correlations with the addition of N to HEC (forming of HECN) leads to lower entropy of the liquid phase

a) T = 3000 K (solid} b)T~T_ ., (pre-melted) c) T = 4500 K (liquid state)
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Fig. 6. Pair correlation functions (normalized as r - +<) in (a) solid state (T =3000 K), (b) pre-melted state
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Fig.7. Ser/kp running integral calculated for liquid states of considered carbonitrides with different
nitrogen content.

(Fig. 7), which leads to less stability of the liquid phase. On the other hand, formation of the solid solution of
carbides and nitrides increases the configurational entropy of the solid HECN phase. This causes the stabilization
of the solid HECN phase. Generally, the addition of N should lead to enhancement of the melting point of
HECN. As one can see, small amount of nitrogen leads to lowering of entropy of liquid phase and the minimum
approaches for HEC,,.N, ,.. Further increase of nitrogen content leads to decreasing the entropy as well as
decreasing of melting temperature. Increase of nitrogen content promotes decreasing of stable C-C bonds which
are responsible for stability of the liquid phase. Our results correlate with previous investigation of carbonitrides
of Hf and Ta®, where the maximum melting temperature was achieved for HfC, ,.N ,.,, which is close to
HEC, ,.N, ,; obtained in our work. We can conclude that efficient mechanism of enhancing melting temperature
is addition of nitrogen in the compound, which is promising way for improving stability of functional and
constructional materials.

Conclusions

The melting temperature together with supercooling and superheating temperatures of a number of high-
entropy carbonitrides (TiZrTaHfNb)C N, _ with different concentrations of carbon substituted by nitrogen
are calculated. The deep learning DeepMD potential is trained on the number of DFT calculations in order
to accurately describe both the liquid and solid phases of the considered high-entropy carbonitrides. A new
computational procedure is developed and applied to determine the melting hysteresis and melting temperature
of HECN using active learning techniques. Heating and cooling curves for HECNS are calculated and carefully
analyzed in order to determine the main trends in changes of melting temperatures with respect to nitrogen
content. Pair correlation analysis is employed to explain the enhancement of the melting temperature of
carbonitrides with small amounts of nitrogen. The obtained data indicates the potential of applications of high-
entropy carbonitrides as promising hard and refractive materials for protective coatings of various equipment
which operates at extreme conditions.

Data availability
The data that support the findings of this study are available from the corresponding authors upon reasonable
request.

Received: 22 July 2024; Accepted: 30 October 2024

Scientific Reports |

(2024) 14:28678

| https://doi.org/10.1038/s41598-024-78377-4 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Published online: 19 November 2024

References
1. Shand, M. A. The Chemistry and Technology of Magnesia (Wiley, 2006).
2. Ervin, G. Jr. Oxidation behavior of silicon carbide. . Am. Ceram. Soc. 41, 347-352 (1958).
3. Lee,K.-],, Yi, E.-]., Kang, Y. & Hwang, H. A novel method of silicon carbide coating to protect porous carbon against oxidation. Int.
J. Refract Metal Hard Mater. 99, 105596 (2021).
4. Dinsdale, A. T. SGTE data for pure elements. Calphad 15, 317-425 (1991).
5. Toher, C., Oses, C., Hicks, D. & Curtarolo, S. Unavoidable disorder and entropy in multi-component systems. npj Comput. Mater.
5,1-3 (2019).
6. Sarker, P. et al. High-entropy high-hardness metal carbides discovered by entropy descriptors. Nat. Commun. 9, 4980 (2018).
7. Harrington, T. J. et al. Phase stability and mechanical properties of novel high entropy transition metal carbides. Acta Materialia
166, 271-280 (2019).
8. Guan, S., Liang, H., Wang, Q,, Tan, L. & Peng, E Synthesis and phase stability of the high-entropy (Ti,Zr, ,Nb ,Ta ,Mo,,)C
under extreme conditions. Inorg. Chem. 60, 3807-3813 (2021).
9. Kavak, S. et al. Synthesis and characterization of (HfMoTiWZr)C high entropy carbide ceramics. Ceram. Int. 48, 7695-7705
(2022).
10. Pak, A. Y. et al. Machine learning-driven synthesis of TiZrNbHfTaC5 high-entropy carbide. npj Comput. Mater. 9, 1-11 (2023).
11. Bao, A. et al. Facile synthesis of metal carbides with high-entropy strategy for engineering electrical properties. J. Mater. Res.
Technol. 23, 1312-1320 (2023).
12. Krasnenko, V. & Brik, M. G. First-principles calculations of the structural, elastic and electronic properties of MNxC1—x (M = Ti,
Zr, Hf; 0 < x < 1) carbonitrides at ambient and elevated hydrostatic pressure. Solid State Sci. 28, 1-8 (2014).
13. Hong, Q.-]. & van de Walle, A. Prediction of the material with highest known melting point from ab initio molecular dynamics
calculations. Phys. Rev. B 92, 020104 (2015).
14. Wang, Y., Csanadi, T., Zhang, H., Dusza, ]. & Reece, M. J. Synthesis, microstructure, and mechanical properties of novel high
entropy carbonitrides. Acta Materialia 231, 117887 (2022).
15. Monteverde, F. & Bellosi, A. Oxidation behavior of titanium carbonitride based materials. Corros. Sci. 44, 1967-1982 (2002).
16. Buinevich, V. S. et al. Ultra-high-temperature tantalum-hafnium carbonitride ceramics fabricated by combustion synthesis and
spark plasma sintering. Ceram. Int. 47, 30043-30050 (2021).
17. Li, R. etal. A novel strategy for fabricating (Ti, Ta, Nb, Zr, W)(C, N) high-entropy ceramic reinforced with in situ synthesized W2C
particles. Ceram. Int. 48, 32540-32545 (2022).
18. Dippo, O. F, Mesgarzadeh, N., Harrington, T. J., Schrader, G. D. & Vecchio, K. S. Bulk high-entropy nitrides and carbonitrides. Sci.
Rep. 10, 21288 (2020).
19. Xiong, K. et al. A first-principles study the effects of nitrogen on the lattice distortion, mechanical, and electronic properties of
(ZrHfNbTa)C, N_high entropy carbonitrides. J. Alloys Compd. 930, 167378 (2023).
20. Frenkel, D. & Smit, B. Understanding Molecular Simulation: From Algorithms to Applications (Academic Press, 2001).
21. Sugino, O. & Car, R. Ab initio molecular dynamics study of first-order phase transitions: melting of silicon. Phys. Rev. Lett. 74,
1823-1826 (1995).
22. Zhu, L.-E, Grabowski, B. & Neugebauer, J. Efficient approach to compute melting properties fully from ab initio with application
to Cu. Phys. Rev. B 96, 224202 (2017).
23. Lindemann, E. A. The calculation of molecular vibration frequencies. Physikalische Zeitschrift 11, 609-612 (1910).
24. Born, M. Thermodynamics of crystals and melting. J. Chem. Phys. 7, 591-603 (1939).
25. Luo, S.-N., Strachan, A. & Swift, D. C. Nonequilibrium melting and crystallization of a model Lennard-Jones system. J. Chem. Phys.
120, 11640-11649 (2004).
26. Zheng, L., An, Q,, Xie, Y., Sun, Z. & Luo, S.-N. Homogeneous nucleation and growth of melt in copper. J. Chem. Phys. 127, 164503
(2007).
27. Zou, Y, Xiang, S. & Dai, C. Investigation on the efficiency and accuracy of methods for calculating melting temperature by
molecular dynamics simulation. Comput. Mater. Sci. 171, 109156 (2020).
28. Dozhdikov, V. S., Basharin, AYu. & Levashov, P. R. Two-phase simulation of the crystalline silicon melting line at pressures from
-1to 3 GPa. J. Chem. Phys. 137, 054502 (2012).
29. Garcia Fernandez, R., Abascal, J. L. E. & Vega, C. The melting point of ice Th for common water models calculated from direct
coexistence of the solid-liquid interface. . Chem. Phys. 124, 144506 (2006).
30. Hong, Q.-J., Ushakov, S. V., van de Walle, A. & Navrotsky, A. Melting temperature prediction using a graph neural network model:
From ancient minerals to new materials. Proc. Natl. Acad. Sci. 119, €2209630119 (2022).
31. Deng, ], Niu, H., Hy, J., Chen, M. & Stixrude, L. Melting of MgSiO, determined by machine learning potentials. Phys. Rev. B 107,
064103 (2023).
32. Zhang, Y. & Maginn, E. J. A comparison of methods for melting point calculation using molecular dynamics simulations. J. Chem.
Phys. 136, 144116 (2012).
33. Bartok, A. P, Kondor, R. & Csanyi, G. On representing chemical environments. Phys. Rev. B 87, 184115 (2013).
34. Shapeev, A. Moment tensor potentials: a class of systematically improvable interatomic potentials. Multiscale Model. Simul. 14,
1153-1173 (2016).
35. Behler, J. Neural network potential-energy surfaces in chemistry: a tool for large-scale simulations. Phys. Chem. Chem. Phys. 13,
17930-17955 (2011).
36. Behler, J. Constructing high-dimensional neural network potentials: A tutorial review. Int. J. Quant. Chem. 115, 1032-1050 (2015).
37. Wang, H., Zhang, L., Han, J. & E, W. DeePMD-kit: A deep learning package for many-body potential energy representation and
molecular dynamics. Comput. Phys. Commun. 228, 178-184 (2018).
38. Bartok, A. P, Payne, M. C.,, Kondor, R. & Csényi, G. Gaussian approximation potentials: the accuracy of quantum mechanics,
without the electrons. Phys. Rev. Lett. 104, 136403 (2010).
39. Schitt, K. T., Sauceda, H. E., Kindermans, P.-]., Tkatchenko, A. & Miiller, K.-R. SchNet—A deep learning architecture for molecules
and materials. J. Chem. Phys. 148, 241722 (2018).
40. Butler, K. T., Davies, D. W., Cartwright, H., Isayev, O. & Walsh, A. Machine learning for molecular and materials science. Nature
559, 547-555 (2018).
41. Noé¢, E, Tkatchenko, A., Miiller, K.-R. & Clementi, C. Machine learning for molecular simulation. Annu. Rev. Phys. Chem. 71,
361-390 (2020).
42. Jalolov, E. N., Podryabinkin, E. V., Oganov, A. R., Shapeev, A. V. & Kvashnin, A. G. Mechanical properties of single and
polycrystalline solids from machine learning. Adv. Theory Simul. n/a, 2301171.
43. Zhang, Y. et al. DP-GEN: A concurrent learning platform for the generation of reliable deep learning based potential energy
models. Comput. Phys. Commun. 253, 107206 (2020).
44. Zhai, B. & Wang, H. P. Accurate interatomic potential for the nucleation in liquid Ti-Al binary alloy developed by deep neural
network learning method. Comput. Mater. Sci. 216, 111843 (2023).
45. Kresse, G. & Hafner, J. Ab initio molecular dynamics for liquid metals. Phys. Rev. B 47, 558-561 (1993).
Scientific Reports |  (2024) 14:28678 | https://doi.org/10.1038/s41598-024-78377-4 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

46. Kresse, G. & Hafner, J. Ab initio molecular-dynamics simulation of the liquid-metal-amorphous-semiconductor transition in
germanium. Phys. Rev. B 49, 14251-14269 (1994).

47. Kresse, G. & Furthmiiller, J. Efficient iterative schemes for ab initio total-energy calculations using a plane-wave basis set. Phys. Rev.
B54,11169-11186 (1996).

48. Plimpton, S. Fast parallel algorithms for short-range molecular dynamics. J. Comp. Phys. 117, 1-19 (1995).

49. Hohenberg, P. & Kohn, W. Inhomogeneous electron gas. Phys. Rev. 136, B864-B871 (1964).

50. Kohn, W. & Sham, L. J. Self-consistent equations including exchange and correlation effects. Phys. Rev. 140, A1133-A1138 (1965).

51. Perdew, J. P, Burke, K. & Ernzerhof, M. Generalized gradient approximation made simple. Phys. Rev. Lett. 78, 1396-1396 (1997).

52. Hammer, B., Hansen, L. B. & Norskov, J. K. Improved adsorption energetics within density-functional theory using revised
Perdew-Burke-Ernzerhof functionals. Phys. Rev. B 59, 7413-7421 (1999).

53. Perdew, J. P. et al. Restoring the density-gradient expansion for exchange in solids and surfaces. Phys. Rev. Lett. 100, 136406 (2008).

54. Blochl, P. E. Projector augmented-wave method. Phys. Rev. B 50, 17953-17979 (1994).

55. Kresse, G. & Joubert, D. From ultrasoft pseudopotentials to the projector augmented-wave method. Phys. Rev. B 59, 1758-1775
(1999).

56. Methfessel, M. & Paxton, A. T. High-precision sampling for Brillouin-zone integration in metals. Phys. Rev. B 40, 3616-3621
(1989).

57. Ushakov, S. V., Navrotsky, A., Hong, Q.-]. & van de Walle, A. Carbides and nitrides of zirconium and hafnium. Materials 12, 2728
(2019).

58. Cedillos-Barraza, O. et al. Investigating the highest melting temperature materials: A laser melting study of the TaC-HfC system.
Sci. Rep. 6, 37962 (2016).

59. Deardorff, D. K. The Hafnium-Carbon Phase Diagram (University of Michigan Library, 1967).

60. Berg, G., Friedrich, C., Broszeit, E. & Berger, C. Data collection of properties of hard material. In Handbook of Ceramic Hard
Materials 965-995 https://doi.org/10.1002/9783527618217.ch24 (Wiley, 2000).

61. Stukowski, A. Visualization and analysis of atomistic simulation data with OVITO-the Open Visualization Tool. Model. Simul.
Mater. Sci. Eng. 18, 015012 (2009).

62. Wang, Y. et al. The highest melting point material: Searched by Bayesian global optimization with deep potential molecular
dynamics. J. Adv. Ceram. 12, 803-814 (2023).

Acknowledgements

The calculations were carried out using Arkuda and Zhores supercomputers of Skoltech and the ElGatito and
LaGatita supercomputers of the Industry-Oriented Computational Discovery group at the Skoltech Project
Center for energy Transition and ESG.

Author contributions

V.S.B. developed the simulation algorithm and preformed the performed all DFT calculations, and those with
DMD potentials. Ch.T. and A.G.K. made the theoretical analysis of the obtained results. A.G.K. supervised the
entire work. V.S.B wrote the initial draft, while Ch.T. and A.G.K. edited the manuscript. All authors provided
critical feedback, helped shape the research, and reviewed the manuscript. Ch.T. provided founding.

Funding
Open access funding provided by UiT The Arctic University of Norway (incl University Hospital of North Nor-
way)

Declarations

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to C.T. or A.G.K.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party material in this article are included in the article’s
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |

(2024) 14:28678 | https://doi.org/10.1038/s41598-024-78377-4 nature portfolio


https://doi.org/10.1002/9783527618217.ch24
http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿Melting simulations of high-entropy carbonitrides by deep learning potentials
	﻿Computational details
	﻿Training of machine learning potential
	﻿Details of DFT calculations

	﻿Results and discussion
	﻿Accuracy of DMD potential
	﻿Melting simulation
	﻿Melting temperature of high-entropy carbonitrides

	﻿Discussion
	﻿Conclusions
	﻿References


