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Abstract
Refractory multi-principal element alloys (RMPEAs) represent an advanced subclass of MPEAs, distinguished by their 
complex multi-element compositions and significant inclusion of refractory elements. This study investigates the mechanical 
behavior of RMPEAs under compressive and tensile loading using molecular dynamics (MD) and hybrid MD/Monte Carlo 
(MD/MC) simulations. Mechanical responses are analyzed across a broad temperature range (300 K to 1673 K) for 16 
alloy configurations, comprising one quinary, five quaternaries, and ten ternaries in post-MD/MC equilibrated states. A 
particular emphasis is placed on the roles of chemical short-range order and lattice distortion in influencing anisotropic 
mechanical properties. Compressive yield stresses are consistently higher than tensile yield stresses across all temperatures 
and compositions, demonstrating plastic anisotropy. Machine learning (ML) models reveal that temperature, lattice distortion, 
and Warren–Cowley parameter (WCP) values for pairs like Ta–Ta and Nb–Ta, and concentrations of Mo, W, and Nb are the 
most significant factors influencing yield stresses. Additionally, the ML models identify atomic size mismatch as the dominant 
contributor to lattice distortion, with WCP values playing a secondary role. The study also uncovers that while the lattice 
distortion promotes plastic anisotropy, the chemical short-range order decreases it, highlighting the critical interplay between 
atomic structure and mechanical behavior in RMPEAs.

Keywords  Refractory multi-principal element alloys · Chemical short-range order · Lattice distortion · Yield stress · 
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Introduction

Refractory multi-principal element alloys (RMPEAs) belong 
to a specialized subset of MPEAs, primarily formulated 
from refractory metals such as Mo, Ti, V, Nb, Hf, Ta, Cr, and 
W. Two of the pioneering RMPEAs, MoNbTaW and MoN-
bTaVW, were first introduced by Senkov et al. in 2010 [1]. 
The research team conducted comprehensive examinations 
of the lattice parameters, crystal structure, and mechanical 
attributes of these systems. Their findings revealed that these 

alloys exhibited a simple body-centered cubic (BCC) crystal 
structure. Remarkably, the Vickers hardness values for these 
alloys exceeded theoretical predictions derived from the rule 
of mixtures by a factor of 2 to 3. In addition, the alloys 
retained significant strength at temperatures up to 1600 °C, 
with yield stress (normalized by density) 2 to 4 times higher 
than that of Inconel 718 and Haynes 230 at 1273 K [2].

Further studies explore many other RMPEAs. The 
mechanical properties of RMPEAs are influenced by their 
unique structural characteristics, particularly lattice distor-
tion and chemical short-range order (CSRO) [3]. In these 
alloys, where multiple principal elements coexist in a solid 
solution phase, each atom deviates from its average lattice 
position due to neighboring atoms with varying atomic 
sizes. This severe lattice distortion has been correlated with 
enhanced yield strengths and high hardness, as it introduces 
significant resistance to dislocation motion [4–6]. The pres-
ence of CSRO, a non-random arrangement of atoms within 
the solid solution, plays a critical role in modifying the 
microstructural characteristics that influence mechanical 
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behavior. CSRO affects basic structural parameters [7], 
stacking-fault energy [8], shear strength [9], and dislocation 
mobility [10, 11], all of which contribute to the exceptional 
mechanical properties observed in these alloys. Addition-
ally, RMPEAs with a single-phase BCC structure show 
outstanding resilience to challenges like void swelling, irra-
diation-induced segregation, and hardening, indicating their 
potential for advanced applications in extreme environments 
[12–14]. These attributes make RMPEAs very suitable for 
use in demanding environments, where high-temperature 
strength and stability are critical, such as aircraft engines 
and nuclear reactors [15]. The combination of high hardness, 
significant yield strength retention at elevated temperatures, 
and resilience against radiation damage makes RMPEAs a 
promising material class for future high-performance appli-
cations [16–18].

Atomistic simulations serve as a robust adjunct to 
theoretical analyses and expensive experiments [19]. The 
exploration of RMPEAs using atomistic simulations is 
crucial for understanding and predicting their properties 
because the atomic-level structure significantly influences 
the anisotropic properties of these alloys [20], such as 
tensile and compressive yield stress, adding complexity to 
experimental materials characterization [21]. The accuracy 
of atomistic simulations primarily relies on the quality 
of interatomic potentials [22]. Liu et al. [23] investigated 
the mechanical properties of AlCrCuFeNi MPEA under 
uniaxial tensile load, revealing not only high strength but 
also appreciable ductility. The plastic deformation of the 
alloy was primarily attributed to dislocation glide, lattice 
distortion, and twinning mechanisms during tensile testing. 
Qi et al. [24] focused on the plastic deformation of single-
crystal and polycrystalline CoCrFeMnNi MPEA under 
tensile and compressive stresses using atomistic simulations.

Several recent studies have reported on the accuracy 
and efficiency of machine learning (ML)-based interatomic 
potentials in comparison to density functional theory (DFT) 
results [25, 26]. For instance, Byggmäster et al. [27] trained 
a Gaussian approximation potential (GAP) to investigate 
defects in the MoNbTaVW RMPEA. Wang et al. [3] recently 
trained a moment tensor potential (MTP) to reveal the 
influence of lattice distortion and CSRO on the dislocation 
mechanism in the MoNbTaVW alloy. More recently, 
Mubassira et al. [28] utilized the MTP to analyze the effect 
of CSRO on lattice parameter and unstable stacking-fault 
energy of several RMPEAs.

However, a systematic investigation of CSRO from 
elevated to room temperature and its effect on mechanical 
properties, particularly how these properties change with 
temperature variation, has yet to be thoroughly studied. 
Xu et al. [21] investigated the mechanical anisotropy of 
nanowires in 16 RMPEAs, finding that they exhibit reduced 
tension–compression asymmetry compared to pure metals. 

A similar conclusion was reached by Pan et al. [29] who 
used an ML-based spectral neighbor analysis potential to 
study the MoNbTaW MPEA. Both pieces of work pointed 
that the underlying deformation mechanism for compression 
is dislocation slip while that for tension is twinning. 
Nevertheless, only random atomistic structures at a single 
temperature were considered in each study. The effects of 
CSRO and temperature are yet to be addressed.

To address this gap, the present study systematically 
investigates the anisotropic properties, including both the 
compressive and tensile yield stress and their ratio, and the 
effect of lattice distortion, CSRO, and temperature. Utilizing 
using molecular dynamics (MD) and hybrid MD/ Monte 
Carlo (MD/MC) simulations, this research seeks to provide 
a comprehensive understanding of the mechanical behavior 
of the Mo–Nb–Ta–V–W alloy system and its subsets. Five 
temperatures are considered: 300 K, 573 K, 873 K, 1373 K, 
and 1673 K. 16 different alloy compositions are explored, 
ranging from quinary to ternary systems, in equilibrated 
states obtained by hybrid MD/MC simulations. A critical 
aspect of this investigation is to understand the effects of 
CSRO and lattice distortion on the anisotropic properties 
of RMPEAs. In addition, three ML models are trained 
to identify the key features that influence compressive 
stress, tensile stress, and the ratio of compressive to tensile 
stress. This comprehensive approach seeks to advance the 
understanding of the mechanical properties of RMPEAs, 
contributing to the development of high-performance 
materials for extreme environments.

Methods

Moment Tensor Potential

We utilize the ML-based MTP recently developed by Wang 
et al. [3] for the alloy system comprised of Mo, Nb, Ta, V, 
and W. The MTP lies in the concept of interatomic pairwise 
potential energy moments. It employs contracted rotationally 
invariant descriptors of the local environment around each 
atom. These descriptors are then utilized to establish a 
polynomial regression that correlates the potential energy 
surface with these local environment descriptors [30]. All 
alloys studied here are summarized in Table 1.

Validation and Transferability of the MTP

The MTP [3] used in this study was trained on a diverse 
dataset to ensure robustness across various atomic envi-
ronments. The training set includes pure metals, bina-
ries, ternaries, quaternaries, and a quinary within the 
Mo–Nb–Ta–V–W system, with configurations obtained 
from ab initio MD simulations at 300 K, 1000 K, and 3000 
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K, respectively. Particularly, the high-temperature configu-
rations, e.g., 3000 K that is above the melting points, can 
preserve a high extent of distortion. Additionally, strained 
structures with deformations ranging from −10 % to +10 % 
were incorporated, ensuring the potential’s applicability to 
high-strain conditions. This training dataset captures CSRO 
effects and strain variations, making the potential well 
suited for modeling stress–strain responses and mechani-
cal behavior in RMPEAs. The potential was benchmarked 
against DFT calculations, achieving a mean absolute error 
of less than 3 meV/atom for energy and below 0.05 eV/Å for 
force, demonstrating its high accuracy in predicting struc-
tural and mechanical properties. Lattice constants and elas-
tic constants were obtained using this potential, with bulk 
modulus, shear modulus, and Poisson’s ratio derived from 
them, demonstrating excellent agreement with DFT values.

Hybrid MD/MC simulation

All atomistic simulations in this paper are conducted using 
LAMMPS [31]. Initially, a simulation cell measuring 

6.4nm × 6.4nm × 9.6nm is constructed. This cell is oriented 
with the crystallographic directions [100], [010], and [001] 
aligned along the x, y, and z axes, respectively. Periodic bound-
ary conditions (PBCs) are applied in all three directions. The 
simulation cell is populated with 24,000 atoms, and the sol-
ute types are initially randomly distributed within the cell to 
achieve the target concentration of the simulated alloy. Sub-
sequently, hybrid MD/MC simulations are utilized to obtain 
structures containing CSRO, at annealing temperatures of 
300 K, 573 K, 873 K, 1373 K, and 1673 K, respectively, using 
the NPT ensemble. During each MC step, pairs of atoms are 
swapped for each of the defined type combinations, and this 
process is repeated until the system converges, as indicated 
by a reduction in the potential energy per atom. The decrease 
in potential energy until it becomes a flat line for the MoN-
bTaVW, MoNbTaW, and MoNbW alloys is shown in Fig. 1.

Warren–Cowley Parameter

Warren–Cowley parameters (WCP) measure the degree of 
CSRO [32]. For like atoms, positive values mean they prefer 
to be neighbors. For unlike atoms, negative WCP values show 
a preference for pairing. The 1st nearest neighbor WCP is 
formulated as [33]

where pij denotes the probability of a j-type atom being 
around an atom of type i within the 1st shell, cj is the 

(1)�ij =
pij − cj

�ij − cj
,

Table 1   16 RMPEAs studied in this work

Compositions

Quinary MoNbTaVW
Quaternary MoNbTaW, MoNbVW, MoTaVW, NbTaVW, 

MoNbTaV
Ternary MoNbW, MoTaW, MoVW, NbTaW, NbVW, TaVW, 

NbTaW, MoNbV, MoTaV, NbTaV

Fig. 1   Evolution of potential energy per atom during hybrid MD/MC simulations for a MoNbTaVW, b MoNbTaW, and c MoNbW alloy systems 
at 300 K (top row) and 1673 K (bottom row)
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concentration of the j-type atom, and �ij is the Kronecker 
delta function, i.e.,

Lattice Distortion and Atomic Size Mismatch

To describe the lattice distortion in RMPEAs, we use the 
following equation [34]:

where (xi, yi, zi) and (x�
i
, y�

i
, z�

i
) are the reduced coordinates of 

the unrelaxed and relaxed positions of atom i, respectively, 
while N is the total number of atoms in the system.

Atomic size mismatch Δ for a given alloy is calculated 
using the formula [35, 36]

where Valloy = a3
0
∕4 [36], where a0 is the lattice parameter 

of the alloy. In this formula, ΔV̄i = Vi − V̄  represents the 
difference between the volume of each element Vi and the 
average volume V̄  , which is given by V̄ =

∑
ciVi.

MD Simulation for Compressive and Tensile Loading

For each alloy, five CSRO structures were then used for 
compressive and tensile loading simulations using MD at 
five different temperatures, respectively. For example, the 
CSRO structure annealed at 300 K was subject to a uniaxial 

(2)�ij =

{
1 if i = j

0 if i ≠ j

(3)Δd =
1

N

∑

i

√
(xi − x�

i
)2 + (yi − y�

i
)2 + (zi − z�

i
)2,

(4)Δ =

�∑
ciΔV̄

2
i

3Valloy

,

loading at 300 K. The same structure was not subject to 
loading at any other temperatures. Similarly, the CSRO 
structure annealed at 873 K was only subject to loading 
at 873 K. This simulation plan is to mimic the actual 
application, whereas an alloy is kept at a certain temperature 
for a long time.

For the deformation phase, uniaxial tensile and com-
pressive stress were applied along the z-axis. Again, PBCs 
were applied in all three directions. An NPT ensemble was 
applied to maintain the temperature at a specified constant 
value, while pressures in the lateral ( x and y ) directions 
were held at zero. A constant engineering strain rate of |𝜖̇| = 
5 × 108 s−1 was applied until the engineering strain reached 
a magnitude of ±0.25 . Figure 2 shows that the strain rate 
of 5 × 108 s−1 is sufficiently low. The uniaxial engineering 
stress was calculated using the virial stress formulation [37].

Results and Discussion

WCP

In Fig. 3a, c, the atomic arrangements of CSRO MoN-
bTaVW and CSRO MoNbW alloys annealed at 300 K and 
1673 K are displayed. At both temperatures, the pronounced 
CSRO is observed. The heatmaps in Fig. 3b, d illustrate the 
WCP for these alloys. In MoNbTaVW, pairs such as Mo–Ta, 
W–V, Mo–Nb, and Mo–Ta exhibit negative WCP values, 
indicating a preference for clustering. Among like atoms, 
the Nb–Nb pair shows positive WCP values, suggesting a 
tendency to cluster. In MoNbW, strong negative WCP values 
for Mo–Nb pairs indicate clustering, while positive WCP 
values for W–W pairs suggest self-pairing, which is visually 
confirmed in the atomic arrangement. Using the ML-based 

Fig. 2   Stress–strain curves for 
CSRO MoNbTaVW (annealed 
at 300 K) under compression at 
300 K at different strain rates
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GAP, Byggmästar et al. [38] reported clustering tendencies 
for pairs like Mo–Ta, Mo–Nb, and W–V, which align with 
the observations in this study. The relatively high negative 
WCP of −0.43 for the Mo–Ta pair at 1673 K suggests that 
Mo and Ta atoms still exhibit a tendency for local clustering 
even at high temperatures. This observation aligns with Byg-
gmästar et al. [38], who reported that Mo–Ta interactions 
retain notable ordering beyond 1000 K. The varying mix-
ing energies among atomic pairs underscore these cluster-
ing behaviors. Moreover, our results reveal that WCP values 
decrease as the annealing temperature increases from 300 K 
to 1673 K, following trends reported in many previous stud-
ies [8, 9]. The WCP values of all 16 alloys at five different 
temperatures are added to Supplementary Information as 
Figures S1–S16.

Lattice Distortion

The lattice distortion of all 16 alloys is plotted across dif-
ferent temperatures in Fig. 4. The results indicate that the 
variation in lattice distortion with the annealing temperature 
is non-negligible for most alloys, except for MoTaW and 
NbTaW, which exhibit very small changes. The lattice dis-
tortion decreases with increasing temperature for the major-
ity of the alloys, consistent with findings by Wang et al. [3] 
and Mubassira et al. [28]. Alloys such as TaVW and NbTaV 
show higher lattice distortion compared to others, highlight-
ing their pronounced atomic-level strain. These trends sug-
gest that specific alloy compositions and temperature condi-
tions significantly influence lattice distortion.

A random forest regressor [39] was trained to predict 
lattice distortion based on atomic size mismatch and 
maximum absolute WCP values. Results for two different 
temperatures, 300 K and 1673 K, are presented in Fig. 5, 
which indicate a strong agreement between predicted and 

Fig. 3   Atomic arrangements of a MoNbTaVW and c MoNbW at 300  K and 1673  K, highlighting the CSRO. Corresponding heatmaps are 
shown in (b) and (d)
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actual lattice distortion, as demonstrated by high R2 values of 
0.9343 and 0.9697. Feature importance analysis reveals that 
atomic size mismatch consistently plays a more significant 

role in predicting lattice distortion than the maximum abso-
lute WCP.

Fig. 4   Lattice distortion across 
five temperatures for different 
alloys

Fig. 5   Feature importance analysis shows the relative contribution of atomic size mismatch and the maximum absolute WCP in predicting lattice 
distortion at a 300 K and b 1673 K across 16 different alloys using random forest regressor
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Yield Stress

In a stress–strain curve, the yield point is identified as the 
point where the rate of increase in stress with respect to 
strain (i.e., the derivative of the stress–strain curve) is at its 
maximum [40, 41], as shown in Fig. 6. Across all tempera-
tures, the compressive yield stress is consistently higher than 
the tensile yield stress for the same alloy, indicating that 
the materials can withstand higher compressive loads before 
yielding compared to tensile loads, as shown in Fig.  7. 
Another general trend is that, as the temperature increases 
(i.e., from 300 K to 1673 K), the yield stress (both compres-
sive and tensile) decreases for all alloys.

We also note that there is a significant variation in yield 
stress among different alloys. Specifically, MoTaW and 
MoVW exhibit the highest yield stress values, both in com-
pression and tension, across all tested temperatures. Alloys 
such as MoNbTaW, MoNbVW, MoTaVW, and MoNbW 
show mid-to-high-range yield stresses. MoNbTaVW, MoN-
bTa, MoTaV, NbTaV, and TaVW fall into the mid-range cat-
egory, exhibiting moderate yield stress levels. In contrast, 
MoNbTaV, NbTaVW, MoNbV, and NbVW display lower 
mid-range yield stresses, while NbTaV consistently exhibits 
the lowest yield stress among all alloys studied. This stratifi-
cation highlights the variation in mechanical strength across 
the compositions of alloys. Values of both compressive and 
tensile yield stresses of all alloys across all temperatures are 
included in Supplementary Information Table S1.

Figure 8a demonstrates that the compressive-to-tensile 
yield stress ratio ranges between 1.5 and 2.0. This ratio 
increases with temperature for all alloys (Fig. 8b). Alloys 
like MoNbVW, NbTaV, and NbVW have small variations 
in yield stress ratios across different conditions, highlighting 
their mechanical stability at high temperatures.

Results shown in Fig.  9 highlight the relationship 
between lattice distortion and yield stress ratio across 

various temperatures. It confirms that a higher temperature 
is correlated with an elevated yield stress ratio, highlighting 
the influence of thermal effects on the alloys’ mechanical 
properties. It could also be deducted that the trend is 
showing upward for the yield stress ratio as the lattice 
distortion increases.

ML Models for Yield Stress Prediction

ML models based on a random forest regressor were trained 
to predict the yield stresses. The random forest regressor 
was selected because it effectively handles high-dimensional 
data and captures complex relationships between features 
and targets [39]. With 80 data points for either compression 
or tension, multiple decision trees are combined to reduce 
overfitting and improve prediction accuracy. The models 
were optimized by imputing missing values using the mean 
strategy and standardizing the features. These missing values 
originated from the quaternary and ternary alloy systems, 
where not all WCP were available. Out of the 24 features, 
recursive feature elimination (RFE) was used to identify 
the top 20 most relevant features by iteratively removing 
the least important ones, and the top 10 were selected 
for further analysis [42]. RobustScaler was employed to 
standardize the features by removing the median and scaling 
by the interquartile range, ensuring robustness against 
outliers and improving model performance. Additionally, 
hyperparameter tuning was conducted for the ML models 
to optimize parameters like the number of estimators, 
maximum depth, and minimum samples per split, enhancing 
the model’s predictive accuracy. The combination of RFE 
for feature selection, RobustScaler for handling outliers, and 
hyperparameter tuning collectively contributed to improved 
performance by ensuring the model focused on relevant 
features and processed data effectively.

Fig. 6   a Compressive and b tensile stress–strain curves for the MoNbTaVW alloy at different temperatures. In a and b, respectively, blue and red 
dots mark the yield points (Color figure online)
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Results demonstrate that lattice distortion and tempera-
ture are consistently the most influential features in predict-
ing mechanical properties. For the compressive yield stress 
(Fig. 10a), lattice distortion is the most important feature, fol-
lowed by temperature and WCP values of the Ta–Ta pair, with 
the model achieving an excellent R2 score of 0.96. Similarly, 
for the tensile yield stress (Fig. 10b), lattice distortion and tem-
perature remain the key factors, along with WCP values of the 
Ta–Ta pair and the Mo concentration, yielding an even higher 
R2 score of 0.97. In predicting the yield stress ratio (Fig. 10c), 
temperature surpasses lattice distortion to become the most 
important feature, highlighting the thermal dependency of this 

ratio, with the model achieving a solid R2 score of 0.88. WCP 
values of pairs, such as Ta–Ta, Nb–Ta, and W–W, also signifi-
cantly influence the ratio, suggesting that atomic-level cluster-
ing plays a critical role in plastic anisotropy.

Conclusion

This study examines the plastic anisotropy in 16 RMPEAs, 
the underlying atomic interactions influencing this anisot-
ropy, and the effects of temperature using a combination 

Fig. 7   Compressive and tensile yield stresses of the CSRO struc-
tures at five temperatures for 16 alloys. The shaded blue/red regions 
are only for visualization purposes to highlight that the compressive 

yield stresses are generally above the tensile yield stress. The shaded 
regions do not have any underlying mathematical or physical implica-
tions (Color figure online)
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of atomistic simulations and ML approaches. The analysis 
reveals that the compressive yield stress is consistently 
higher than the tensile yield stress across all tempera-
tures, and both decrease with an increasing temperature, 
highlighting the alloys’ temperature-dependent mechani-
cal behavior. Alloys such as MoTaW and MoVW exhibit 
the highest yield stress values, while NbTaV consistently 
shows the lowest, underscoring the significant variation in 

mechanical strength among different compositions. Lattice 
distortion and temperature emerge as critical factors influ-
encing mechanical properties, with ML models achieving 
high predictive accuracy by leveraging these quantities 
alongside WCP for specific atomic pairs.

The study also identifies pronounced CSRO in the atomic 
arrangements, with clustering tendencies between the same 
two species influenced by the constituent elements. WCP 

Fig. 8   a Average yield stress ratio (compressive to tensile) for 16 
alloys. Error bars represent the standard deviation among five tem-
peratures. The red dashed line at a ratio of 1 indicates where the com-

pressive and tensile yield stresses are equal. b The yield stress ratio 
across five temperatures (Color figure online)

Fig. 9   The variation of yield 
stress ratio with lattice distor-
tion across different tempera-
tures
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values decrease with the annealing temperature, suggesting 
reduced atomic ordering at higher temperatures, consistent 
with trends reported in the previous studies. Additionally, 
ML models reveal that temperature and lattice distortion are 
the most significant features for predicting compressive and 
tensile yield stress, along with the WCP value of Ta–Ta pair 

and the concentration of Mo. These findings highlight the 
critical role of atomic-scale interactions, lattice distortion, 
and temperature in determining the mechanical behavior of 
RMPEAs, offering valuable insights for designing alloys 
with tailored properties for high-temperature applications.

Fig. 10   R2 plot and top 10 important features for predicting a compressive yield stress, b tensile yield stress, and c compressive-to-tensile yield 
stress ratio
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