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A B S T R A C T

Multi-principal element alloys (MPEAs) are renowned for their enhanced mechanical strength 
relative to their constituent metals, as evidenced by various experimental techniques such as 
tension/compression tests and instrumental indentation. Nevertheless, atomistic simulations 
sometimes produce conflicting results, casting doubt on the consistently superior mechanical 
properties of MPEAs. In this study, machine-learning interatomic potentials (MLIPs) with first- 
principles accuracy were developed for body-centered cubic refractory MoNbTaW MPEAs, 
enabling systematic atomistic simulations under various deformation scenarios. The new MLIPs 
are supported by a comprehensive dataset encompassing extensive defects, and the established 
embedded-atom model (EAM) potential was benchmarked against both this dataset and the new 
MLIP. Simulations covering diverse compositions confirm that both MLIPs and EAM accurately 
capture the critical strengthening mechanisms in MoNbTaW MPEAs. It is revealed that MPEAs 
generally exhibit superior mechanical strength compared to their constituent metals in macro
scale specimens, primarily due to solid solution strengthening during dislocation motion. How
ever, at the nanoscale—where plasticity is predominantly governed by dislocation nucleation and 
grain boundary deformation—the constituent metals may outperform MPEAs. A critical length 
scale is identified above which MPEAs demonstrate enhanced mechanical strength relative to 
their constituent elements; below this scale, the advantage diminishes, underscoring a significant 
size-dependent effect that is crucial for optimizing MPEA applications, particularly at the 
nanoscale.

1. Introduction

Multi-Principal Element Alloys (MPEAs), which encompass high-entropy alloys (HEAs) and medium-entropy alloys (MEAs), 
represent a significant departure from conventional metals and alloys (George et al., 2019; Miracle and Senkov, 2017). They are 
characterized by four core effects: the high-entropy effect, severe lattice distortion, sluggish diffusion, and the cocktail effect (Hsu 
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et al., 2024). These distinctive effects imbue MPEAs with unique properties that have captured the interest of researchers across 
various disciplines (Wang et al., 2024a). For example, they are used as strong and ductile structural materials capable of performing 
under extreme cryogenic conditions (Bai et al., 2023; Gludovatz et al., 2014), even at temperatures as low as 20 K (Liu et al., 2022). 
MPEAs show exceptional impact toughness (Li and Zhang, 2016) and fatigue resistance (Zhu et al., 2024). MPEAs also show promise in 
mitigating hydrogen embrittlement (Luo et al., 2020, 2018; Tan et al., 2024). Furthermore, their exceptional radiation resistance 
makes them indispensable in the development of nuclear fusion energy systems (El-Atwani et al., 2019; Granberg et al., 2016; Lu et al., 
2016). Additionally, MPEAs are critical in advancing hydrogen storage and production technologies (Ma et al., 2021) and enhancing 
catalytic processes (Sun and Dai, 2021), thereby contributing to the advancement of sustainable energy solutions.

One of the most intriguing features of MPEAs is their remarkable mechanical strength compared to their constituent elements, 
which can be mostly attributed to solid solution strengthening due to lattice distortion-induced roughed energy landscape (George 
et al., 2020; Lee et al., 2021; Varvenne et al., 2016a). Experimental evidence strongly supports this observation. For face-centered 
cubic (FCC)-type MPEAs, it was found experimentally that the Cantor alloy (FeMnCrCoNi) and its subsystems display higher 
strength than Ni (Wu et al., 2014b). Furthermore, CrCoNi was found to exhibit superior tensile properties compared to the Cantor alloy 
(Laplanche et al., 2017). Subsequent experiments revealed that CrFeCoNiPd (Ding et al., 2019) and VCoNi (Su Sohn et al., 2019) show 
even higher strength than CrCoNi. These experiments typically utilized dog-bone-shaped specimens to measure the bulk strength. 
Additionally, other experiments demonstrated that the Vickers hardness of FeNiCrCo alloys is significantly higher than that of pure Ni 
(Wu et al., 2014a). For body-centered cubic (BCC) MPEAs, similarly, experiments found that Mo25Nb25Ta25W25 and Mo20N
b20Ta20W20V20 exhibit higher hardness than their constituent elements (Senkov et al., 2010; Zou et al., 2014). Moreover, systematic 
mechanical tests on nanopillars with different sizes showed that Mo25Nb25Ta25W25 exhibit higher compressive strength than con
stituent elements (Zou et al., 2014). Yet, these findings may contribute to a widespread misconception in current research that MPEAs 
invariably outperform constituent metals in terms of strength.

Additionally, atomistic simulations plays a significant role in studying the deformation mechanisms of MPEAs and pure metals 
under various loading conditions (Dai et al., 2022; Gupta et al., 2022; Ji et al., 2020; Jian et al., 2022; Li et al., 2024; Romero et al., 
2022; Xie et al., 2022; Xiong et al., 2015; Zhang et al., 2023b). The emergence of machine learning interatomic potentials (MLIPs) has 
made atomistic simulations even more attractive and promising, as they can approach density functional theory (DFT) accuracy (Poul 
et al., 2023; Santos-Florez et al., 2023; Xu et al., 2024; Yin et al., 2021). One of the most common applications of atomistic simulations 
is investigating the solid solution strengthening in MPEAs using simple shear loading in the periodic array of dislocation (PAD) model 
(Yin et al., 2021). These simulations were also employed to study dislocation mobility and the effects of chemical short-range ordering 
(CSRO) (Huang et al., 2024). Under this simple loading condition, the strength of MPEAs is significantly higher than that of constituent 
metals, which is consistent with theoretical predictions from the solid solution strengthening models (Maresca and Curtin, 2020a; 
Varvenne et al., 2016a) and experimental observations (Baruffi et al., 2022; George et al., 2020). Moreover, numerous atomistic 
simulation studies have simulated different deformation mechanisms under different loading conditions. Since a large number of 
atoms were used in these studies, embedded-atom method (EAM) or modified embedded-atom method (MEAM) potentials were 
usually adopted (Cao, 2022; Jian et al., 2020). Among the numerous computational studies of MPEAs, only a few works compare the 
mechanical strength of MPEAs with that of their constituent metals. For instance, the hardness of BCC HfNbTaTiZr, both with and 
without SRO, was found to be significantly lower than that of pure BCC Ta (Alhafez et al., 2024). The hardness of FCC FeMnCrCoNi was 
revealed to be lower than that of pure Ni (Alabd Alhafez et al., 2019). Another study indicated that with a twin boundary inside, pure 
Ni exhibits higher hardness than FeMnCrCoNi (Shuang et al., 2021). The hardness of CrCoNi was subsequently found to be slightly 
lower than Ni (Hua et al., 2021). Additionally, a systematic virtual tensile simulations of columnar polycrystalline samples showed that 
both Ni and Cr exhibit higher strength at 5% deformation than FeNiCrCoCu (Farkas, 2021). Moreover, in the tensile simulations of 
single crystalline Ni and FeMnCrCoNi alloy and its subsystems, the MEAM potential-based results showed that FeMnCrCoNi exhibit 
lower strength than pure Ni (Choi et al., 2018). Another large-scale tensile simulation of CrCoNi, CoCrFeNi and Al0.1CoCrFeNi 
revealed their lower strength than pure Ni, with these MPEAs exhibiting larger elongation before failure than pure Ni (Zhang et al., 
2023a). For BCC MPEAs, nanopillar compression simulations of AlCoCrCu0.5FeNi showed significantly lower stress than the pure BCC 
Fe using EAM potential (Li et al., 2019b). Additionally, the MLIP-based simulations revealed that W exhibits the higher flow stress than 
Mo25Nb25Ta25W25 in polycrystal compression simulations (Li et al., 2020).

As evident from the above discussion, it is observed that the experimental results contradict the findings of atomistic simulations. 
While experiments typically indicate higher strength for MPEAs compared to constituent metals, simulations show the opposite. The 
observed contradiction between prior experiments and simulations suggests the existence of a critical length scale. This length scale 
demarcates the regime where MPEAs exhibit superior strength compared to constituent metals above this scale, whereas pure metals 
outperform MPEAs below it. This intriguing hypothesis forms the basis of our study. To test this hypothesis and explore the underlying 
mechanisms, one can either perform nanoscale strength measurements of MPEAs and their constituent metals experimentally, or 
conduct detailed atomistic simulations. Given the emphasis on computational methods, the investigation focuses exclusively on 
simulations in this study. However, a significant challenge persists: the prevalent EAM potentials are overly simplistic for MPEAs, and 
existing MLIPs do not accurately simulate complex plastic deformation, as they often exclude defects during their training processes.

In this study, new MLIPs were developed specifically for modeling complex plasticity in BCC MoNbTaW MPEAs by integrating 
extensive defects into the training process. The established EAM-Zhou potential was benchmarked using DFT datasets generated in this 
study, alongside the newly developed MLIPs. Furthermore, systematic atomistic simulations were performed regarding edge dislo
cation motion, GB deformation and dislocation nucleation in different compositions with high fidelity. This enables an assessment of 
the strength superiority of MPEAs compared to their constituent metals under various deformation scenarios. Finally, an atypical size 
effect was investigated in MPEAs using mechanistic strength models, highlighting the size-dependent superiority of mechanical 
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strength across different scales in MPEAs and their constituent metals.

2. Methods

2.1. First principles calculations

The Vienna Ab initio Simulation Package (VASP) (Kresse and Furthmüller, 1996) was utilized to perform DFT calculations of all 
new configurations necessary for MLIP development. A gradient-corrected functional in the Perdew-Burke-Ernzerhof (PBE) form is 
used to describe the exchange and correlation interactions (Perdew et al., 1996). Electron-ion interactions are treated within the 
projector-augmented-wave (PAW) method (Blöchl, 1994), using the standard PAW pseudopotentials provided by VASP. The energy 
convergence criterion is set to 10− 6 eV for electronic self-consistency calculations. The plane-wave cutoff energy is chosen to be 520 eV 
for all systems. The KPOINTS are generated by VASPKIT (Wang et al., 2021), based on the Monkhorst-Pack scheme, with a consistent 
density of 2π ×0.03 Å-1 across the entire dataset.

2.2. Machine learning potential development

The MLIP-2 package (Novikov et al., 2021) was employed to develop moment tensor potentials (MTPs) for the MoNbTaW systems. 
MLIP-2 utilizes moment tensor descriptors and applies linear regression to train the machine learning model, enabling it to predict the 
energy, force, and stress of atomistic systems. MTP is one of the most popular machine learning potentials due to its high accuracy and 
efficiency (Zuo et al., 2020). Within our study, the weights of energy, force and stress are set as 1, 0.01 and 0, respectively. It should be 
noted that MTPs have been recently developed for MoNbTaW (MTP14-Yin) (Yin et al., 2021) and MoNbTaWV (MTP-Wang) (Wang 
et al., 2024c) systems; however, these MTPs do not incorporate defects, such as dislocations, vacancies, and grain boundaries (GBs). 
Consequently, their accuracy in simulations of general plastic deformation remains unknown.

Two MLIPs, MTP-14-new and MTP-16-new were developed, where the numbers "14" and "16" represent the maximum level of MTP, 
governing the completeness of the basis functions. The standard template provided by the developers of the MLIP-2 package (Novikov 
et al., 2021) was employed for the training. As such, the optimization of the radial basis is not considered. Detailed descriptions of the 
moment tensor descriptors can be found in Ref. Shapeev (2016). During the training process, the energy and force data are assigned 
weights of 1 and 0.01, respectively, consistent with previous studies (Yin et al., 2021). The weight values are not optimized, as the 
default values have proven robust across different datasets and have been widely used for MTP training in prior studies (Lee et al., 
2023; Sheriff et al., 2024; Zhou et al., 2022; Zuo et al., 2020). Nevertheless, as demonstrated in the following sections, the energy and 
force errors in both the training and test datasets are exceptionally low, highlighting the effectiveness of our chosen training 
parameters.

The active learning approach was used to develop an MTP capable of accurately modeling the plastic deformation of single crystals, 
both with and without vacancies (Novikov et al., 2021). This method utilizes an extrapolation grade (γ), which quantifies the deviation 
of a given configuration from those in the training set, enabling the estimation of prediction errors without requiring DFT calculations. 
The process starts by training an MTP on an initial dataset. This MTP is then used to simulate the target system under relevant con
ditions, reflecting the intended applications. If the simulation encounters structures with γ values exceeding the break threshold (γbreak 
= 10), the simulation is stopped. Structures with γ values above the select threshold (γselect = 2) are added to the training set, and a new 
MTP is generated. Notably, these γ thresholds follow the guidelines of Novikov et al. (2021): typically, γ ≤ 1 indicates interpolation, 1 
< γ ≤ 2 indicates accurate extrapolation, 2 < γ ≤ 10 indicates reliable extrapolation, and γ > 10 indicates risky extrapolation. This 
iterative cycle continues until the MTP can successfully complete simulations without generating structures with γ exceeding γbreak.

Additionally, the extrapolation grade (γatom), based on the D-optimality criterion (MaxVol algorithm), was used to perform un
certainty quantification for each atom. This approach has been successfully implemented in various MLIP frameworks, including MTP 
(Podryabinkin et al., 2023) and atomic cluster expansion (ACE) potential (Lysogorskiy et al., 2023). It should be noted that γatom 
represents the extrapolation grade for each individual atom, whereas the previously mentioned γ refers to the extrapolation grade for 
an entire configuration.

2.3. Other interatomic potentials

Apart from MTPs, the extensive DFT datasets were used to evaluate the accuracy of other potentials, including MTP14-Yin (Yin 
et al., 2021), EAM (Zhou et al., 2004), TabGAP (Byggmästar et al., 2021), MACE (Batatia et al., 2023), and CHGNET (Batatia et al., 
2023) for MoNbTaW systems. EAM is based on Zhou’s potential (Zhou et al., 2004) and generated by the Python tool from LAMMPS 
(Thompson et al., 2022). TabGAP is a more comprehensive machine learning potential that includes the additional element V, 
developed specifically for studying radiation damage in MoNbTaVW systems (Byggmästar et al., 2021). Since MTP14-Yin (Yin et al., 
2021), SNAP (Li et al., 2020) and MTP-Wang (Wang et al., 2024c) were trained by the same dataset, we only consider MTP14-Yin in 
our study. Finally, the accuracy of two recent universal MLIPs (uMLIPs) across the period table: MACE (mace_mp_0) (Batatia et al., 
2023) and CHGNET (0.3.0) (Deng et al., 2023), were assessed. It should be noted that uMLIPs are considerably slower than customized 
MLIPs, with prediction errors around 26~29 meV/atom for the training/validation/test datasets (Deng et al., 2023).
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2.4. Atomistic simulations

The Large-scale Atomic/Molecular Massively Parallel Simulator (LAMMPS) package was employed for all atomistic simulations 
(Thompson et al., 2022). The newly developed MTPs and the existing EAM potential (EAM-Zhou) (Zhou et al., 2004) will be used to 
describe the interatomic interactions among all elements in MoNbTaW. The average-atom (A-atom) (Varvenne et al., 2016b) inter
atomic potential will be used for the same system but without lattice distortion. For visualizing atomic configurations and 
post-processing results such as extracting dislocation lines, we use OVITO (Stukowski, 2010). Additionally, Atomsk is used to generate 
edge dislocation in the PAD model and polycrystalline structures (Hirel, 2015). These packages provide a comprehensive suite of tools 
to support our study of the mechanical properties and plastic deformation mechanisms of MPEAs and pure metals.

3. Machine learning potential development with extensive defects

New single-point DFT calculations were carried out on existing 5955 configurations obtained from Ref. Li et al. (2020) using a 
consistent k-point density. This dataset encompasses undistorted ground state structures, distorted structures subject to differing 
elastic strains, surface configurations, and snapshots from ab-initio MD simulations for Mo, Nb, Ta, and W. It also includes compo
sitions in the form AxB1-x, with x varying from 0 to 100 atomic percent at intervals of 6.25%, across all binary systems. Additionally, 
ab-initio MD snapshots of special quasi-random structures (SQSs) are employed for equimolar ternary and quaternary systems. To 
enhance the transferability of MTPs for investigating complex plastic deformations, this dataset was expanded to include additional 
configurations that feature various defects, as illustrated in Fig. 1. The datasets of unstable stacking fault (USF) (Fig. 1(a)), edge 
dislocation (Fig. 1(b)), and screw dislocation (Fig. 1(c)), totaling 8233 configurations, were combined with the exiting dataset. The 
configurations were then randomly divide using a 90/10 split for training and testing to develop a new MTP, designated MTP14-new. 
Additionally, four types of grain boundaries (GBs) (Fig. 1(d)) and vacancies (Fig. 1(e)) were incorporated. For these defects, both pure 
elements and alloys with varied compositions are considered. Finally, the on-the-fly active learning (AL) technique was employed to 
simulate the tension and compression of a single crystal of Mo25Nb25Ta25W25 in an NPT (isothermal-isobaric) ensemble (AL-NPT-T/C), 
both with and without a monovacancy (Fig. 1(f)). The inclusion of a monovacancy is employed to generate configurations that exhibit 
vacancy-induced plasticity. This process captures the phase transition from BCC to FCC and deformation twinning. All new config
urations generated in the AL-NPT-T/C simulations are extracted and combined with existing configurations, USF, dislocations, 

Fig. 1. All configurations used for new MLIPs development. 5955 existing configurations from Ref (Li et al., 2020) and newly added (a) USF, (b) 
edge and (c) screw datasets are used for training MTP14-new. Additional datasets (d) GBs/TB, (e) vacancy and (f) AL-NPT-NC for MTP-16-new.
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vacancy, and GB configurations to construct the complete model. A random split of 90/10 of 17,654 configurations is utilized for the 
training and testing of a comprehensive MTP model, MTP16-new.

Fig. 2 showcases the performance of the two new MTPs: MTP14-new and MTP16-new. Notably, MTP14-new displays training and 
test mean absolute errors (MAE) for energy of 3.94/3.95 meV/atom, for force of 42.98/42.72 meV/Å, and for stress of 0.21/0.20 GPa. 
These values represent a significant improvement in accuracy over previous MLIPs for the same systems, such as SNAP (Li et al., 2020), 
MTP14-Yin (Yin et al., 2021), and neural network potential (NNP) (Santos-Florez et al., 2023), likely due to consistent k-point density 
in our DFT calculations. Conversely, MTP16-new exhibits slightly higher energy and force errors (4.44/4.42 meV/atom and 
45.28/45.52 meV/Å, respectively) due to the complex defect configurations, but lower stress errors (0.18/0.19 GPa). We highlight that 
the two MTPs are developed for distinct purposes: MTP14-new is fast so it is intended for simulating edge dislocation strengthening, 
which requires a large number of atoms due to the dislocation length-dependent strength (Xu et al., 2022). MTP16-new, on the other 
hand, is designed for simulating complex plastic deformations in polycrystal. It should be noted that although stress is not considered 
in our training process, the obtained MPTs are still accurate in stress predictions (Fig. 2(c, f)) as compared to NNP (Santos-Florez et al., 
2023).

To compare the new MTPs with the existing interatomic potentials, the atomic potential energies were predicted for configurations 
across all datasets using the potentials discussed in Section 2.3. The MAE of these potentials is summarized in Fig. 3(a). Interestingly, 
MTP14-Yin, the most widely used potential for MoNbTaW MPEAs, demonstrates high accuracy not only in the existing dataset but also 
in screw dislocation and TB, despite these configurations not being included in its training process. This suggests that the local atomic 
environments in these datasets are similar to those in the existing dataset. However, MTP14-Yin’s performance is less satisfactory for 
USF, edge dislocation, vacancy, GB and Al-NPT-T/C, indicating its limitations in simulating complex plastic deformation. As an 
enhanced iteration of MTP14-Yin, MTP14-new demonstrates significantly improved accuracy on the existing dataset as well as 
specialized datasets for screw/edge dislocation, and USF, making it well-suited for dislocation simulations. In contrast, MTP16-new 
exhibits superior accuracy across all datasets, particularly for screw dislocation, vacancy and GB. This broader accuracy range es
tablishes MTP16-new as a comprehensive MLIP for diverse simulation applications. Meanwhile, TabGAP exhibits medium accuracy 
with an MAE ranging from 13.3 to 26.1 meV/atom. CHGNET and MACE show comparable MAEs in the range of 19.2 to 53.5 meV/ 
atom and 16.9 to 54.9 meV/atom, respectively, indicating that universal MLIPs are less accurate compared to specialized MLIPs. 
Considering the lower computational efficiency of uMLIPs, it is concluded that the customized MLIPs employing traditional descriptors 
such as moment tensor, ACE (Drautz, 2019), and smooth overlap of atomic positions (SOAP) (Bartók et al., 2013) offer a more reliable 
and efficient approach than the uMLIPs.

For validation, the fundamental properties of four pure metals (Mo, Nb, Ta, and W)—including lattice constants, elastic constants, 
unstable stacking fault energy (USFE), and Peierls stress—were calculated using MTP14-new and MTP16-new. These results were then 
compared with those obtained from DFT and existing potentials such as MTP-Yin, MTP-Wang, and EAM-Zhou, as detailed in Table S1 
and Fig. S1. Additionally, the generalized stacking fault energy (GSFE) curves of our new MLIPs were compared against those derived 
from EAM and DFT, as illustrated in Fig. S2. The findings demonstrate that the new MLIPs accurately predict the basic mechanical 
properties of these four pure metals.

Another noteworthy observation is the performance of the EAM potential, which consistently achieves a high MAE of 0.25 eV/atom 
across various datasets. Interestingly, in the AL-NPT-T/C dataset, the EAM achieves an MAE of 0.045 eV/atom, a figure comparable to 
that of other MLIPs as shown in Fig. 3(a). To further assess the accuracy of EAM, comparisons between EAM-Zhou and DFT calculations 
for energy of screw dislocations, AL-NPT-T/C, are illustrated in Fig. 3(b, c). Notably, EAM-Zhou accurately captures the trend of energy 
changes across all four pure elements in the screw dataset and demonstrates acceptable accuracy for Mo25Nb25Ta25W25 in the AL-NPT- 
T/C dataset. However, its performance significantly deteriorates for alloys with varying compositions for the screw dataset. Given that 
the composition of the MPEA is fixed for the AL-NPT-T/C dataset, our findings suggest that while EAM-Zhou may not reliably predict 
composition-induced energy changes, it performs effectively in simulations with a fixed composition. The observed inaccuracy in the 
simulation of alloys for the screw dataset likely arises from the inaccurate inter-element interactions within the EAM potential, which 
are determined through a universal mixing function. Later discussions in our paper will highlight that despite these limitations, EAM- 
Zhou’s high computational efficiency renders it a viable option for large-scale simulations involving complex plasticity.

Furthermore, uncertainty quantification was conducted based on the D-optimality criterion and the MaxVol algorithm on a relaxed 
polycrystal for our MLIPs, as detailed in Fig. 3(d). The MLIP-3 package (Podryabinkin et al., 2023) is used to develop two MTPs 
(MTP3-existing, MTP3-all) for this purpose. The analysis reveals that MTP3-all significantly decreases the uncertainty in the poly
crystal compared to MTP3-existing. Moreover, there are only 2 atoms with an extrapolation grade γ > 2 for MTP3-all, whereas there 
are 31 atoms with γ > 2 for MTP3-existing. These results highlight the substantial capability of our new MLIPs in modeling complex 
plastic deformation in MoNbTaW MPEAs.

4. Results

4.1. Basic mechanical property comparison: MPEAs versus constituent metals

Basic mechanical properties, such as elastic constants and GSFE, are crucial determinants of the mechanical strength of metals and 
alloys. To investigate the effect of composition, these properties were explored across the entire compositional space of MoNbTaW 
using MTP14-new. It is crucial to note that for MPEAs, statistical results are more informative than individual values of a property in 
understanding the behavior of these complex alloys. Mo25Nb25Ta25W25 is first used to illustrate the statistical distribution of basic 
properties, as depicted in Fig. 4. To better capture the variations in properties, all calculations are performed using a small supercell. To 
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Fig. 2. MTP14-new (a-c) and MTP16-new (d-f) predictions on energies, forces, and stress for training and test datasets. In figures (c) and (f), the training and test errors are reported in both units of GPa 
(for stress) and eV (for stress*volume).
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Fig. 3. (a) Comparison of energy prediction of different interatomic potentials using all DFT datasets. EAM prediction on energies for (b) screw and (c) AL-NPT-T/C datasets. (d) Uncertainty quan
tification using the D-optimality (MaxVol algorithm) in MLIP-3 (Podryabinkin et al., 2023). The inset displays a polycrystal with each atom color-coded according to the extrapolation grade (γ) based on 
the all dataset.
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Fig. 4. (a-c) Statistical distribution of elastic constants C11, C12 and C44 in Mo25Nb25Ta25W25. The inset in (a) displays the atomistic configuration used for elastic constant calculations. (d) Fluctuations 
of GSFE curves. The yellow dashed line represents the average GSFE curve. The inset in (d) shows the atomistic configuration used for GSFE calculations. (e, f) Statistical distribution of unstable stacking 
fault energy (USFE) and the maximum restoring force (τmax).
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explore the statistics of elastic constants and GSFE, 5000 random calculations are performed. For the GSFE calculations, energy 
minimization is carried out using the conjugate gradient (CG) algorithm, allowing only out-of-plane displacements during the 
relaxation process. Three independent elastic constants—C11, C12, and C44—are presented in Fig. 4(a-c), where they exhibit a 
Gaussian-like distribution with relatively small standard deviations, indicating minimal variation due to the randomness of the 
chemical environment. Additionally, the fluctuations of GSFE curves were investigated using a small supercell with a cross-sectional 
area of around 0.8 × 1 nm²; the results are shown in Fig. 4(d). The significant spread in GSFE curves is consistent with the previously 
recognized rough energy landscape for dislocation glide (Utt et al., 2022). The maximum restoring force is defined as the maximum 
gradient of GSFE curves, as shown in Fig. 4(d). Similarly, both USFE and the maximum restoring force (τmax) follow a Gaussian dis
tribution, as illustrated in Fig. 4(e, f). The ratios of the standard deviation to the average of the USFE and τmax are 0.058 and 0.055, 
respectively, significantly higher than the corresponding ratio for the elastic constants, which is 0.0045. This indicates that local 
fluctuations in GSFE have a more pronounced effect on the mechanical properties of MPEAs compared to variations in elastic con
stants. It should be noted that these fluctuations are size-dependent. As the system size increases, the standard deviation approaches 
zero, in line with the previous simulation studies on FCC MPEAs (Zhao et al., 2019). It should be noted that such calculation 
area-dependent variation of GSFE is a statistical phenomenon that is independent of the underlying crystal structure.

The statistical distribution of the 287 compositions of MoNbTaW was then analyzed employing both MTP14-new and EAM po
tentials. These compositions span the entire compositional space, featuring a concentration interval of 10% for each element and 
including all equimolar combinations. The intriguing results reveal a robust correlation between τmax and USFE (Fig. 5(a-c)), as well as 
between τmax and elastic constants (Fig. 5(d-f)). Fig. S2 shows that the GSFE curves for pure elements are well-fitted by a sine function. 
This fitting strategy facilitates an analytical relationship between the peak values (USFE) and the maximum gradients of these curves 
(τmax). Further analysis with MTP14-new identifies linear relationships between τmax and USFE in terms of mean, standard deviation, 
and skewness, as depicted in Fig. 5(a-c). These findings indicate that τmax and USFE are inherently related across various compositions. 
In contrast, slight deviations in these properties are observed with EAM, especially concerning standard deviation and skewness. 
Nevertheless, both MTP14-new and EAM-Zhou successfully capture the correlation between τmax and USFE. Additional analyses are 
performed to explore the correlation between the average values of τmax and the three elastic constants, as illustrated in Fig. 5(d-f). 
These results demonstrate a strong correlation between τmax and C11 with MTP14-new, while EAM shows a significant correlation of 
τmax with C44, with the other correlations being relatively minor. By comparing values derived from EAM-Zhou and MTP14-new 
concerning GSFE and elastic constants, it is evident that EAM, despite some limitations, achieves reasonable accuracy.

Next, the influence of composition on the fundamental properties was investigated by evaluating the performance of the rule of 
mixing (ROM) in predicting their values. This enables a rational comparison of MPEAs with their constituent metals in terms of these 
fundamental properties. The average of a property P can be obtained by ROM as: 

Pave =
∑

ciPi (1) 

where ci denotes the concentration of element i, and Pi is the property of the same element. Similarly, the standard deviation of P can be 
calculated by ROM as: 

Psd =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑

i
ci(Pi − Pave)

2
√

(2) 

Fig. 6(a) shows that ROM accurately predicts the average values of USFE obtained from MTP14-new. More intriguingly, the 
standard deviations of USFE and τmax derived from ROM also exhibit a strong correlation with MTP14-new’s predictions, as illustrated 
in Fig. 6(b, c). Additionally, Fig. 6(d-f) show that ROM effectively predicts the elastic constants C11 and C44, though it shows significant 
deviations for C12. These findings suggest that ROM is not only capable of predicting average values of USFE and elastic constants but 
also the standard deviations of USFE. This capability is particularly crucial for the rapid screening of mechanical properties in the 
expansive compositional space of MPEAs. By leveraging elemental concentration and properties, ROM allows for the prediction of 
properties of arbitrary compositions without the necessity for extensive new calculations.

More importantly, these results indicate that MPEAs do not inherently exhibit superior basic mechanical properties compared to 
their constituent metals, particularly with respect to the averages of USFE, τmax, and elastic constants. Given that these fundamental 
properties generally adhere to ROM, the basic mechanical properties of MPEAs are bounded by those of the constituent metals. 
Nonetheless, the significantly higher strength observed in MPEAs, compared to their constituent metals, suggests that unique 
mechanisms, possibly stemming from compositional fluctuations, contribute to their enhanced macroscopic properties which is 
beyond what is obtained based on the traditional ROM approach.

4.2. Edge dislocation strengthening

One of the primary strengthening mechanisms in BCC MPEAs is edge dislocation strengthening (Lee et al., 2021; Maresca and 
Curtin, 2020a). Although MTP14-Yin bas been employed to investigate this in Mo25Nb25Ta25W25 (Yin et al., 2021), its accuracy 
regarding USFE and edge dislocation remains low, as indicated in Fig. 3(a). Consequently, it is imperative to utilize the MTP14-new to 
study edge dislocation strengthening in this system. The simple shear simulations were conducted using the PAD model containing an 
edge dislocation across 57 compositions (Table S2). The simulation setup, depicted in Fig. 7(a), includes lattice orientations, loading 
methods, and a wavy dislocation line. Each composition undergoes simulation five times with a random element distribution to 
determine the average critical shear stress, defined as the mechanical strength induced by edge dislocation. For illustration, the 
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Fig. 5. Correlation (a-c) between the statistics of τmax and USFE, as well as (d-f) between the statistics of τmax and the elastic constant for 287 compositions.
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Fig. 6. Predictions of basic properties of 287 compositions compared to MTP14-new results using the rule of mixing (ROM). Dashed diagonal lines serve as a reference to visualize deviations between 
ROM-derived values and MTP14 predictions.
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stress-strain curve and corresponding dislocation profiles of Mo25Nb25Ta25W25 at different states are presented in Fig. 7(b, c). The 
panel A of Fig. 7(c) shows the wavy dislocation lines prior to any loading. With continues loading, it is observed that the partial glide of 
dislocations results in a slight deviation in the curve at point B. Further loading up to point C causes the entire dislocation line to move 
in the negative x-direction, with additional loading at point D resulting in an increased glide distance for the entire dislocation. The 
critical shear stress, determined to be 780 MPa in this instance, is significantly higher than that of the constituent elemental metals 
listed in Table S1, thereby highlighting the exceptional edge dislocation strengthening observed.

We then compare the edge dislocation strengthening (Sedge) in 57 compositions using the EAM and MTP14-new, with the results 
presented in Fig. 8. Despite variations in absolute values, a strong correlations is observed between their prediction values. Given that 
MTP14-new is meticulously trained using DFT datasets of USF and edge dislocation across the compositional space, the predicted 
mechanical strength should approach the accuracy of DFT. Our comparison between MTP14-new and EAM indicates that EAM, despite 
its lower accuracy in predicting inter-element interactions (Fig. 3), effectively captures the fundamental physics of edge dislocation 
strengthening across different compositions. This is particularly significant as most existing computational studies on MPEAs utilize 
the EAM potential. Our results in Fig. 8 thus validate the reliability of these studies using EAM potentials, at least for MoNbTaW 
systems.

By analyzing the mechanical strength of each composition and correlating it with the basic properties, valuable insights can be 
gained into the exceptional strength of MPEAs compared to their constituent metals. For both EAM and MTP14-new, the strong 
correlations between the strength (Sedge) and the standard deviation of USFE (USFEsd) are observed, as evidenced by the values from 
interatomic potentials (Fig. 9(a, d)) and values predicted by the principle of ROM (Fig. 9(b, e)). However, the correlation between the 

Fig. 7. (a) Simple shear model and wavy dislocation profile in Mo25Nb25Ta25W25. (b) Stress-strain curve with four critical points A-D labeled. (c) 
Edge dislocation profiles at four critical strains A-D. The centro-symmetry parameter (CSP) is used to represent the atomic environment of dislo
cation atoms.

Fig. 8. Comparison of edge dislocation strengthening between MTP14-new and EAM potentials.
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Fig. 9. Correlation between the edge dislocation strengthening and the basic properties in MPEAs using EAM and MTP14-new. (a-c) EAM; (d-f) MTP14-new.
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strength and the lattice distortion (LD) is relatively low for both the potentials, as shown in Fig. 9(c) for EAM and Fig. 9(f) for MTP14- 
new. These findings suggest that LD, traditionally used as an indicator (Okamoto et al., 2016; Su Sohn et al., 2019), is less effective than 
the newly identified USFEsd in predicting the MPEA strength.

Additionally, the current strength data of 57 compositions was employed to validate the well-developed solid solution strength
ening (SSS) model from Maresca & Curtin (Lee et al., 2021; Maresca and Curtin, 2020a): 

SSSS = 0.04α−
1
3μ
(

1 + ν
1 − ν

)4
3
[

ΣncnΔVn
2

b6

]2
3

(3) 

where α is the dislocation line tension parameter, which is a constant for a given type of dislocation, μ is the shear modulus, ν is the 
Poisson’ ratio, cn is the concentration of element n, and b is the magnitude of Burgers vector. ΔVn is the misfit volume obtained from the 
rule of mixing. Another LD-based empirical model has been proposed as (Tandoc et al., 2023): 

SLD ∼ μ ∗ USFE ∗ LD (4) 

It should be noted that Eq. (4) is derived from Eq. (3), a simplified linear model that establishes a direct relationship between the 
mechanical strength of MPEAs and LD. For a more accurate evaluation, this model incorporates both the elastic properties (μ) and the 
resistance to dislocation glide, i.e, USFE. Recent studies have identified SLD as an effective indicator of yield strength and hardness in 
BCC refractory MPEAs (Tandoc et al., 2023). Fig. 10(a, b) indicate that SLD shows weak correlation with Sedge for EAM, whereas there is 
a strong correlation between SLD and Sedge for MTP14-new across all the 57 compositions. The weak correlation between SLD and Sedge 
for EAM likely stems from inaccurate calculations of LD. Furthermore, Fig. 10(c, d) demonstrate that Eq. (3) works well for both EAM 
and MTP14-new. The effectiveness of Eq. (3) in EAM is attributed to the fact that the critical quantity in this model, the misfit volume, 
is derived from the elemental atomic volumes using ROM. Moreover, Eq. (4) shows better predictability than Eq. (3) for MTP14-new, 
suggesting that it is more effective in predicting edge dislocation strengthening, possibly because LD in Eq. (4) incorporates more 
informative insights than the misfit volume in Eq. (3).

Despite the effectiveness of the solid solution strengthening model (Eq. (3)) and the LD-based (Eq. (4)) model in predicting the 
strength of MPEAs, the newly identified indicators—namely the standard deviation of USFE (USFEsd) and the maximum restoring force 
(τmax,sd)—present an alternative approach. One advantage of USFEsd and τmax,sd is that their values can be readily estimated using 
ROM, enabling the fast screening of mechanical strength of MPEAs in the vast compositional space. Additionally, their physical 
rationale is grounded in the PN model, which correlates the Peierls stress with τmax or USFE. In MPEA systems characterized by 

Fig. 10. Validation of (a, b) lattice distortion (LD)-based model and (c, d) solid solution strengthening (SSS) model in predicting the edge 
dislocation-induced strength in MPEAs.
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fluctuating energy landscape, as explored in another recent study of ours (Shuang et al., 2025), USFEsd plays a pivotal role in impeding 
dislocation glide by creating a highly irregular Peierls energy landscape.

4.3. Grain boundary-mediated strengthening

Next, the GB-mediated deformation mechanism was examined. The newly developed MTP16-new allows us to explore complex 
deformation mechanisms, such as polycrystal compression. Using both MTP16-new and EAM, the plastic deformation of such cases 
was investigated as depicted in Fig. 11(a). The polycrystal model contains 6 grains and 91,544 atoms with the average grain size of 6.5 
nm. A strain rate of 5×108 s− 1 (5e8 s− 1) is applied for both MTP16-new and EAM at a temperature of 300 K, while a lower strain rate of 
1.5×107 s− 1 (1.5e7 s− 1) is used exclusively in the case of EAM to mitigate the effects of extremely high strain rates in MD simulations. 
Fig. 11(b) presents the stress-strain curves for the four constituent elements and Mo25Nb25Ta25W25 using MTP16-new. It is observed 
that W exhibits the steepest slope during the elastic stage and the highest flow stress during the plastic stage. Ta and Nb display the 
lowest slope and flow stress. Interestingly, Mo25Nb25Ta25W25 and Mo show similar slope and flow stresses, positioned between those of 
W and Ta. The plastic deformation histories at points A, B, and C are illustrated in Fig. 11(a), revealing that the deformation is pri
marily governed by GB sliding up to point B, with only minimal dislocation activities observed until point C. This indicates that GB- 
mediated deformation is the dominant mechanism throughout the entire process, attributed to the small grain size used in the current 
simulations.

MD simulations were then extended to include additional 38 compositions of MPEAs (Table S3) using both MTP16-new and EAM 
using the strain rate of 5×108 s− 1 (5e8 s− 1) at 300 K. Interestingly, as shown in Fig. 11(c), the strength for all these compositions 
exhibits a strong correlation between the EAM and MTP16-new results. Additionally, ROM was employed to estimate the strength of 
each composition based on the strength of constituent metals and their elemental concentrations. The results, depicted in Fig. 11(d, e), 
indicate that ROM predictions closely match the actual values at both high (5×108 s− 1) and low (1.5×107 s− 1) strain rates for EAM. A 
similar conclusion is reached with the MTP16-new model, as illustrated in Fig. 11(f). Given the high accuracy of the MTP16-new, it is 
safe to conclude that MPEAs do not exhibit superior strength compared to their constituent elements in the compression of nano- 
polycrystals, and both the simple EAM and the more precise MTP16-new potentials are capable of capturing these critical mecha
nisms. The strength superiority of MPEAs and their constituent metals are opposite from the edge dislocation strengthening in Section 
4.2.

Combining the extensive simulations presented in Sections 4.1–4.3, it is evident that although EAM-Zhou does not replicate the 
energy values as accurately as DFT (see Fig. 3), the mechanical properties of pure metals and MPEAs obtained from EAM closely align 
with those derived from our newly developed MTPs. This includes a range of properties such as elastic constants, USFE, edge dislo
cation strengthening, and compression of nano-polycrystals. These results demonstrate the fidelity of EAM-Zhou in modeling complex 
plastic deformation in MoNbTaW MPEAs. Given the exceptional computational efficiency of EAM, it will exclusively be used for 
extremely large-scale simulations in the following section, which involve tens of millions of atoms.

4.4. Large-scale simulations using EAM potential

Initially, results from the compression of a nanopillar are presented. The nanopillar features a 〈100〉 axis orientation, a diameter of 
50 nm, a height of 100 nm, and comprises 12,012,001 atoms. The axis direction is periodic, while the other two directions are free. The 
simulations are conducted at a temperature of 300 K, and a strain rate of 108 s− 1 is applied for pure W and Mo25Nb25Ta25W25. An NVT 
(canonical) ensemble is utilized during the compression simulations. To investigate the effect of lattice distortion, the same simulation 
was conducted using the average-atom (A-atom) potential (Varvenne et al., 2016b). As illustrated in Fig. 12(a), the W nanopillar 
exhibits a steeper slope during the elastic stage, indicating a higher elastic modulus, along with higher yielding and flow stresses 
compared to the Mo25Nb25Ta25W25 nanopillar. Interestingly, the strength observed in these materials contrasts with the experimental 
findings which typically show greater strength in Mo25Nb25Ta25W25 than in pure W during nanopillar compression (Zou et al., 2014). 
Moreover, the A-atom nanopillar exhibits higher yielding strength than Mo25Nb25Ta25W25. However, both the cases display very 
similar flow stress at the early stage of plastic deformation. When the strain exceeds 0.15, Mo25Nb25Ta25W25 shows slightly higher flow 
stress than the A-atom. These results suggest that while lattice distortion in Mo25Nb25Ta25W25 reduces its yielding stress and does not 
significantly affect the early stages of plastic deformation, it provides a minor strengthening effect when the strain exceeds 0.15.

Fig. 12(b) presents the microstructures formed at the end of the compression. In the Mo25Nb25Ta25W25 nanopillar, numerous 
dislocations are visible between slip bands formed through deformation twinning and TB migration. There are several major mature 
slip bands, leading to the shearing of the nanopillar. Similarly, the A-atom nanopillar form several mature slip bands. The fewer 
dislocation lines in the A-atom nanopillar can be attributed to the absence of lattice distortion. In contrast, the W nanopillar exhibits 
numerous immature slip bands and short dislocation lines. These short lines, which are unidentified in OVITO, indicate severe plastic 
deformation within TBs. The differences in plastic mechanisms between Mo25Nb25Ta25W25 and pure W explain the discrepancy in the 
strength of these two materials.

Although polycrystal compression simulations are discussed in Section 4.3, the limited dimensions of these simulations resulted in 
deformation being predominantly influenced by GB sliding and migration. To better assess the role of dislocations in the deformation 
of polycrystals, the EAM was employed to conduct simulations using a significantly larger-scale polycrystal model (containing 
5,859,403 atoms), as presented in Fig. 13(a). The model contains 12 grains, and the average grain size is 20.0 nm. The strain rate is 
1×108 s− 1 and the simulation temperature is 300 K. The stress-strain curves, shown in Fig. 13(b), indicate that pure W consistently 
exhibits higher yielding stress and flow stress than both Mo25Nb25Ta25W25 and the A-atom cases throughout the entire deformation 
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Fig. 11. (a) Atomic shear strain at different strains of polycrystal Mo25Nb25Ta25W25 (abbreviated as MoNbTaW). (b) Stress-strain curves of the four pure metals and Mo25Nb25Ta25W25 obtained using 
MTP16-new. (c) Comparison of strength between EAM and MTP16-new results. (d-f) Comparison of strength between predictions from rule of mixing (ROM) and the values from EAM and MTP16-new.
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process. Fig. 13(c, d) illustrate the slip history of the polycrystal models, demonstrating that dislocation activities are highly active 
during compression for both the systems. Notably, the A-atom model exhibits slightly lower stress levels than Mo25Nb25Ta25W25 due to 
the absence of lattice friction.

Another commonly used approach is the instrumental indentation technique, which has been widely used to obtain the mechanical 
properties of MPEAs (Wang et al., 2024b). We employ a spherical indenter in our nanoindentation simulation, with results presented in 
Fig. 14. It is observed that both the load and hardness of pure W are significantly higher than those of Mo25Nb25Ta25W25 throughout 
the entire loading and holding stages, indicating that W is harder than Mo25Nb25Ta25W25 (see Fig. 14(a, b). This finding is unexpected, 
as previous experiments have indicated the opposite trend (Zou et al., 2014). Fig. 14(c, e) display the dislocation profiles beneath the 
indenter at the end of the holding stage, while Fig. 14(d, f) depict the plastic slip history during the loading and holding stages for 

Fig. 12. Large-scale compression simulations of single-crystalline nanopillar of W and Mo25Nb25Ta25W25 (abbreviated as MoNbTaW). (a) Stress 
strain curves. (b) Dislocations and defects at the end of deformation. The green, pink, and red lines represent 1/2<111> dislocations, 〈100〉 dis
locations, and other dislocations. The interior gray interfaces represent TBs.

Fig. 13. Large-scale compression simulations of polycrystal W, Mo25Nb25Ta25W25 (abbreviated as MoNbTaW) and A-atom. (a) Polycrystal with GBs 
are identified by common neighbor analysis. (b) Stress-strain curves. (c, d) Atomic shear strain for W and Mo25Nb25Ta25W25 at the end of defor
mation. All atoms are colored by the atomic shear strain, which represents the plastic slip history.
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Fig. 14. Nanoindentation simulations of W and Mo25Nb25Ta25W25 (abbreviated as MoNbTaW) using a spherical indenter. (a, b) Evolution of load and hardness. (c, d) Dislocation network and plastic 
slip history at the end of holding stage in Mo25Nb25Ta25W25. (e, f) Dislocation network and plastic slip history at the end of holding stage in W.
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Mo25Nb25Ta25W25 and pure W, respectively. These atomistic observations reveal no significant differences in the deformation 
mechanisms between the two materials. A-atom shows the noticeable decrease of load and hardness compared to Mo25Nb25Ta25W25, 
indicating that lattice distortion strengthening has more effect in this case than previous simulations in Figs. 12 and 13. It should be 
noted that the unusually high hardness value observed for W (approximately 40 GPa) can be attributed to factors such as the absence of 
initial defects, the high strain rate, and the small indenter radius used in MD simulations. A similar hardness value was reported for 
BCC W in (Domínguez-Gutiérrez et al., 2023).

5. Discussion

In this study, new MLIPs have been developed which are applicable for general plastic deformation mechanisms in MoNbTaW 
MPEAs and benchmarked them against the existing EAM potential. This enables us to effectively examine the mechanical strength of 
MoNbTaW systems across various compositions. The central theme of this paper is the critical assessment of the presumed superiority 
of MPEAs over constituent metals in terms of mechanical strength. MPEAs are commonly believed to exhibit high strength due to 
severe lattice distortion. We evaluate this viewpoint using DFT-accurate machine-learning atomistic simulations and reliable large- 
scale EAM-based simulations. All strengths of MoNbTaW and W in previous experiments and our simulations are summarized in 
Table 1. Our simulation results suggest that the mechanical strength of MoNbTaW does not always surpass that of constituent metals; 
rather, its effectiveness depends on the specific plastic mechanisms and the involved length scale. Specifically, MPEAs excel over 
constituent metals primarily when solid solution strengthening is dominant, with dislocation motion being prevalent. The superior 
intrinsic strength of MPEAs, relative to their constituent metals, is evidenced by our shear stress-driven dislocation motion simulations 
in Section 4.2. This finding is further supported by consistent observations in prior simulations (Li et al., 2019a; Yin et al., 2021), 
theoretical predictions (Maresca and Curtin, 2020a), and experimental studies (Zou et al., 2015, 2014). However, for other mecha
nisms such as dislocation nucleation, and GB-mediated deformation, constituent metals like W consistently outperform MoNbTaW. 
Our MD simulation results, which include single crystal compression, nanoindentation, and polycrystal compression, as presented in 
Sections 3 and 4, together with the majority of prior MD simulations on MPEAs and pure metals, consistently support this conclusion. 
This length scale and plasticity mechanism-dependent superiority can be rationalized by the well-recognized size-dependent defor
mation mechanisms in metals. In this section, the established mechanistic models will be employed to analyze these effects.

Theoretically, the overall strength in a bulk crystalline metal can be attributed to the syngenetic effects of various mechanisms (Li 
et al., 2021): 

σy = σfr + σss + σforest + σGB + σpp + σtb + σph (5) 

where σfr is the lattice friction, σss is the solid solution strength. It should be noted that lattice friction and solid solution strength are 
somewhat ambiguous concepts in MPEAs, as distinguishing solute atoms from the matrix is particularly challenging. Therefore, the 
approach of the stochastic Peierls Nabarro model (Shuang et al., 2025; Zhang et al., 2019) is adopted and these factors are collectively 
considered as the intrinsic strength of MPEAs (σintrinsic = Mτintrinsic, where M = 2.7 is the Taylor factor converting the shear stress to the 
normal stress). The term σforest accounts for the dislocation forest hardening which has the form of σforest = αMGb ̅̅̅ρ√ , where α is a 
constant falling in the range 0.1 to 1.0, G is the shear modulus, b is the magnitude of burger vector, and ρ is the dislocation density. σGB 
represents GB strengthening, known as the Hall-Patch effect, which can be expressed as σGB = Mkd− 0.5, where k is the Hall-Petch slope. 
σpp, σtb and σph represent precipitation strengthening, twin boundary strengthening, and phase-transformation-induced strengthening, 
respectively. For simplicity, only the first four mechanisms in Eq. (5) were considered since they are normally presented in all 
polycrystalline alloys, allowing us to express the strength of MPEAs or constituent metals as follows: 

σy = Mτintrinsic + αMGb
̅̅̅ρ√
+ Mkd− 0.5 (6) 

On the other hand, for a single-crystalline micro/nano pillar, the strength can be written as (Zou et al., 2015): 

σy = Mτintrinsic + αMGb
̅̅̅ρ√
+ σsource (7) 

where σsource = MKG ln(λ/b)
λ/b 

represent the dislocation nucleation-dominated strength, K is the source-strengthening constant in the order 

of 0.1 (Rao et al., 2007), λ is the average source length which can be estimated by the pillar diameter D (Zou et al., 2014). The choice to 

Table 1 
Summary of strengths of MoNbTaW and W in previous experiments and our simulations. Note that the strength values for single-crystalline (SC) 
nanopillar compression from previous experiments (Zou et al., 2014) correspond to the stress at a strain of 8% for pillars with a diameter of 200 nm.

Loading conditions MoNbTaW (MPa) W (MPa)

Exp Hardness (Zou et al., 2014) 4850 3710
SC nanopillar compression (Zou et al., 2014) 1400 1100

Sim Single edge dislocation motion 780 20
SC nanopillar compression 2000 4000
Polycrystal compression using MTP16-new 9000 11,000
Polycrystal compression using EAM 7000 12,000
SC nanoindenation using EAM 16,000 28,000
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use the source-strengthening constant of 0.1 is informed by its alignment with the strength predictions of Mo25Nb25Ta25W25 found in 
previous experimental data (Zou et al., 2014). Moreover, another study further supports that nucleation barriers in MPEAs are lower 
than in pure metals (Xiao et al., 2020). Therefore, applying the constant 0.1 likely results in an overestimation of dislocation nucleation 
in MPEAs. Despite this, such an overestimation does not alter our primary conclusions. Due to the inherently smaller K value for 
MPEAs, any potential overestimation leads to an earlier transition in the diminishing strength of MPEAs as the size decreases. This 
underpins our argument and the overall findings presented in this study.

Our analysis primarily focuses on comparing Mo25Nb25Ta25W25 and W, with special emphasis on W due to its higher strength than 
other elements (Mo, Nb and Ta) and extensive experimental validation. Our results, presented in Section 4.1, affirm that the basic 
mechanical properties of MoNbTaW MPEAs consistently adhere to ROM across their entire compositional range. Specifically, W shows 
the highest shear modulus at 164 GPa (Suzuki et al., 1999), while Nb exhibits the lowest at 47.2 GPa (Duesbery and Vitek, 1998). The 
shear modulus of Mo25Nb25Ta25W25 alloy is approximately 114 GPa (Zou et al., 2014). The significant discrepancy in shear modulus 
between W and Mo25Nb25Ta25W25 suggests a potential role of forest hardening (σforest) and source hardening (σsource) in Eqs. (6) and 
(7) in enhancing the strength of W, thereby making it superior than that of Mo25Nb25Ta25W25. For the forest hardening, the strength 
difference σforest(W)-σforest (Mo25Nb25Ta25W25) was plotted as a function of dislocation density in Fig. 15(a). It is observed that due to 
the higher shear modulus in W, it consistently exhibits higher forest hardening-induced strength than Mo25Nb25Ta25W25. Within the 
dislocation density range observed in experiments (1×1012 ~ 3×1014 m− 2), W exhibits an additional forest hardening-induced 
strength ranging from 0.02 GPa to 0.25 GPa compared to Mo25Nb25Ta25W25 (indicated by the green box in Fig. 15(a)).

It is also noted that BCC metals typically exhibit a higher Peierls stress for screw dislocations than for edge dislocations, which leads 
to the high intrinsic strength but low ductility at low temperatures. Consequently, the intrinsic strength difference between W and 
Mo25Nb25Ta25W25 is insignificant at low temperature. For W, σintrinsic = 793.8 MPa at 300 K (Lee and Nix, 2012), with a Hall-Petch 
slope (k) of 1000 MPa ̅̅̅̅̅̅̅μm√ (Cordero et al., 2016). For Mo25Nb25Ta25W25, k is available from experiments directly. However, recent 
experiments obtained k values ranging from 1462 to 1774 MPa ̅̅̅̅̅̅̅μm√ for Mo20Nb20Ta20V20W20 (Kang et al., 2018), and another study 
assumed k = 1700 MPa ̅̅̅̅̅̅̅μm√ for Mo25Nb25Ta25W25, achieving good agreement in strength prediction between theory and experiments 
(Zou et al., 2015). Based on these experiments and the observation that MPEAs typically exhibit higher k values than pure metals, a k 
value of 1700 MPa ̅̅̅̅̅̅̅μm√ was adopted for Mo25Nb25Ta25W25 in this study. Based on the previous experiments (Senkov et al., 2011), 
σintrinsic = 950 MPa was obtained for Mo25Nb25Ta25W25 at 300 K, which is slightly higher then W at 300 K. It should be noted that 
Mo25Nb25Ta25W25 exhibits superior strength than W at higher temperatures. For example, σintrinsic = 178.2 MPa for W at 600 K, while 
σintrinsic = 780 MPa for Mo25Nb25Ta25W25 at the same temperature (Maresca and Curtin, 2020a), attributed to the unique edge 

Fig. 15. (a) Forest hardening-induced strength difference between Mo25Nb25Ta25W25 and W. The lower green box indicates the region where 
experiments is applicable, while the upper red box . (b) Strength difference between Mo25Nb25Ta25W25 and W due to source nucleation, GB 
strengthening, and intrinsic strength. Scale and plasticity mechanism-dependent strengths of MPEA and W in (c) polycrystal and (d) single- 
crystalline nanopillar. The vertical dashed lines indicate the critical grain size at which strengthening mechanism transitions occur.
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dislocation-induced solid solution strengthening in MPEAs. Fig. 15(b) shows σ(W)–σ(Mo25Nb25Ta25W25) with respect to different grain 
or pillar size. It is seen that only source hardening in Eq. (7) improves W’s strength due to its higher shear modulus (G), while GB 
strengthening significantly enhances Mo25Nb25Ta25W25’s strength due to its higher Hall-Petch slope (k). The contribution of intrinsic 
strength is minor compared to other mechanisms in this small scale.

Next, the transition in the strength superiority in these two systems can be analyzed for the case of polycrystals using Eq. (6). 
Assuming equivalent dislocation density and grain size, Fig. 15(c) shows that Mo25Nb25Ta25W25 (abbreviated as MPEA in the figure) 
exhibits superior strength compared to W as the grain size decreases as indicated by the solid lines, due to Mo25Nb25Ta25W25 out
performing W across all strengthening mechanisms as discussed in Fig. 15(a, b). However, our MD simulations in Figs. 11 and 12 show 
that W is stronger than Mo25Nb25Ta25W25 for very small grains where GB sliding and deformation are the dominating mechanisms, 
indicative of inverse Hall-Petch behavior in these materials. To reconcile the observed contradiction of strength superiority in both 
coarse-grain and nano-grain scenarios, Fig. 15(c) presents a conjecture for this transition. Decreasing the grain size below a critical 
value of dc1, the GB strengthening due to dislocation-GB interaction may be suppressed because GBs become sources and sinks for 
dislocation (Fig. 15). According to previous work, the critical stress for dislocation nucleation from a GB can be expressed as τ ∼ Gb /d 
(Chen et al., 2003). This observation is further supported by the data in Figs. 6 and 11, which demonstrate that both the shear modulus 
and the strength of nano-polycrystalline compression adhere to ROM. Consequently, the shear modulus dominates the strength of 
materials at this length scale. As a result, the strength difference between W and Mo25Nb25Ta25W25 decreases as the grain size de
creases. At a critical value of dc2, W exhibits higher strength than Mo25Nb25Ta25W25. This trend may continue as the grain size is 
further reduced to the inverse Hall-Petch regime (below dc3), as captured in our simulation results in Fig. 11.

Furthermore, the strengths derived from single-crystalline micro/nano pillars, as calculated using Eq. (7), are depicted in Fig. 15
(d). This figure highlights the difference in strength between the two systems across various pillar sizes. Notably, there is a critical 
pillar size dc = 164 nm, below which W is stronger than the Mo25Nb25Ta25W25 alloy. This critical size is determined by solving 
σy,MoNbTaW − σy,W = 0, where σy is calculated using Eq. (7) for both MoNbTaW and W. This can be attributed to the dominance of source 
hardening over the intrinsic strength difference as the pillar size decreases. Additionally, the strength of Mo25Nb25Ta25W25 nanopillars 
may be compromised by compositional fluctuations (Yan et al., 2022), leading to the anomalous size effect as illustrated by the dashed 
line in Fig. 15(d). Such effects are absent in pure metals, potentially exaggerating the strength advantage of W over Mo25Nb25Ta25W25 
at the very small scale. It should be noted that this strength transition is not captured by previous experiments (Zou et al., 2014), likely 
because the smallest pillar in experiments has the dimeter of 200 nm which is larger than our prediction.

In typical MD, simulations using the high strain rate (> 107 s− 1) and small model size (< 100 nm) usually lead to very high 
dislocation densities (> 1016 m− 2). Both high strain rates and high dislocation densities contribute significantly to increasing the 
strength of materials, as noted in previous studies (El-Awady, 2015; Fan et al., 2021). Fig. 15(a) shows that experimental dislocation 
densities typically range from 1012 to 3×1014 m− 2, whereas MD simulations exhibit densities in the range of 1016 to 1018 m− 2. These 
differences in dislocation density lead to varying forest hardening effects in MoNbTaW and W. Specifically, the strength difference 
(σforest,MoNbTaW − σforest,W) is approximately 0.02 to 0.25 GPa under experimental conditions, compared to 1 to 19 GPa in MD simu
lations. Given that the lattice distortion-induced intrinsic strength improvement of MoNbTaW over W is only around 1 GPa, the 
unphysical forest hardening in MD simulations can lead to W exhibiting higher strength than MoNbTaW. Another factor contributing 
to the higher strength of W compared to Mo25Nb25Ta25W25 in our study is the role of dislocation nucleation as the primary initiation of 
plasticity in MD simulations. The nanoindentation simulations depicted in Fig. 13 reveal that all free dislocations escape from the 
bottom, with only a few remaining connected to the top surface. Consequently, hardness is predominantly dictated by dislocation 
nucleation beneath the indenter. This is in line with recent nanoindentation experiments of MPEAs (Wang and Xu, 2019; Ye et al., 
2017; Zhu et al., 2013). Given that dislocation nucleation stress is governed by unstable stacking fault energy (USFE) (Wang et al., 
2024b), and USFE follows the rule of mixing (ROM) (Fig. 6), W is expected to have a higher hardness compared to Mo25Nb25Ta25W25. 
This scenario occurs in most existing MD simulations and can explain the discrepancy between experimental results and MD 
simulations.

In a recent comprehensive review of experimental data on mechanical strength, it was observed that MPEAs do not clearly surpass 
traditional alloys (George et al., 2020). A key limitation highlighted in this review is the lack of consideration for microstructure 
engineering in existing MPEA data. This raises an important question: can the mechanical strength of MPEAs consistently exceed that 
of pure metals in the limiting case? Our study provides a preliminary answer: MPEAs do not surpass the yield strength of their strongest 
constituent metals at the nanoscale. While MPEAs typically exhibit superior strength in conventional polycrystals—owing to their high 
intrinsic strength and GB strengthening—this advantage diminishes as the grain size is reduced to the nanoscale. At this scale, the 
increase in strength observed in both pure metals and MPEAs is accompanied by suppressed dislocation activity. In contrast, defor
mation is predominantly governed by dislocation nucleation from GBs and GB sliding, with properties such as the shear modulus 
playing a critical role. In single-crystalline nanopillars or nanoparticles, the maximum strength, defined as the critical shear stress 
required for homogeneous, barrier-free nucleation of a dislocation loop in a perfect crystal, ranges between G/30 and G/8, where G 
represents the shear modulus (Sharma et al., 2018). Given that the shear modulus in MPEAs follows ROM, the strength of 
single-crystalline MPEAs will not exceed that of their strongest constituent element. This is robustly supported by our nanopillar 
strength comparisons in Fig. 15(d). Additional experimental evidence supporting our findings is observed in AlxCoCrFeNi micropillars, 
where the strength of the micropillars decreases with increasing Al concentration when the pillar size is less than 0.1 μm. Conversely, 
when the pillar size exceeds 1 μm, the trend is reversed (Jiao et al., 2018). These observations align with our conclusions that solid 
solution strengthening predominates at larger scales, while at smaller scales, mechanisms such as dislocation nucleation or GB 
deformation become dominant.
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Nevertheless, it is important to note that MPEAs offer several advantages, including enhanced ductility, fatigue resistance, radi
ation resistance, and resistance to hydrogen embrittlement, all achievable without complex microstructural engineering. Moreover, 
even when focusing solely on strength, the complex chemical environments within MPEAs create a rugged energy landscape that 
facilitates sustainable hardening through a progressive synergy of deformation mechanisms, ultimately resulting in a relatively high 
ultimate strength. In contrast, conventional metals or alloys often face a trade-off between strength and ductility due to conflicting 
enhancement mechanisms. MPEAs, however, significantly mitigate this contradiction, making them ideal candidates for multifunc
tional materials suited for demanding environments, such as hydrogen storage and nuclear fusion.

Finally, it is important to acknowledge that incorporating all possible mechanisms and effects, such as screw dislocations, strain 
rate effect, and temperature effect, in a single study is not feasible. Specifically, screw dislocation strengthening, which has been 
extensively discussed in previous studies (George et al., 2020; Maresca and Curtin, 2020b; Yin et al., 2021), is not central to this study. 
Our focus is on demonstrating that the strength superiority of MPEAs is size-dependent, rather than detailing specific strengthening 
mechanisms like edge or screw dislocations. Furthermore, MPEAs are still evolving materials, and many of their mechanisms are not 
yet fully understood, such as temperature and strain rate effects. At least, or in the worst case, our findings are applicable under specific 
conditions: MD simulations conducted at a high strain rate of 300 K or static simulations at 0 K without any strain rate. The tem
perature and strain-rate dependence of dislocation nucleation stress can be considered in the future (Xiao et al., 2020; Zhu et al., 2008).

6. Conclusion

In this study, the mechanical strength of MoNbTaW MPEAs relative to their constituent metals was investigated through systematic 
atomistic simulations using both newly developed, highly accurate machine-learning interatomic potentials and established EAM 
potentials. The results demonstrate that, although the basic properties of MPEAs generally conform to the rule of mixtures and remain 
bounded by those of the constituent metals, a significant improvement in intrinsic strength is achieved via dislocation strengthening, 
with MPEAs surpassing pure metals by at least an order of magnitude under certain conditions. However, the mechanical performance 
of a given MPEA does not uniformly exceed that of its individual elements; rather, its relative strength is dependent on the governing 
plasticity mechanisms and the observational scale. Notably, MPEAs exhibit superior performance primarily through mechanisms 
involving solid solution strengthening and dislocation glide, whereas for mechanisms such as dislocation nucleation and grain 
boundary sliding, certain constituent metals (e.g., W) demonstrate higher strength. These findings underscore the scale- and 
mechanism-dependent nature of strength superiority in MPEAs, offering valuable insights for microstructural engineering and the 
design of advanced MPEAs.
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Batatia, I., Benner, P., Chiang, Y., Elena, A.M., Kovács, D.P., Riebesell, J., Advincula, X.R., Asta, M., Avaylon, M., Baldwin, W.J., Berger, F., Bernstein, N., Bhowmik, 
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