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Probing multi-dimensional composition
spaces in search of strong metallic alloys
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Refractory complex concentrated alloys (RCCA) offer exceptionally high-temperature strength
compared to pure metals and dilute alloys, but predictive theory for RCCA design is lacking. We
present large-scale molecular Dynamics (MD) simulations of crystal plasticity to explore alloy
compositions for maximum mechanical strength, focusing on Fe-Ta-W and Nb-Ta-Mo-W alloy
families modeled with Embedded Atom Model (EAM) and Spectral Neighbor Analysis Potentials
(SNAP). To efficiently guide the search for strong alloy compositions, we employ iterative optimization
usingGaussianprocess regression.Many simulatedRCCAcompositions exhibit pronounced cocktail
strengthening, with strengths surpassing their strongest constituent metal, tungsten. Contrary to
expectations, the highest strength is found on binary edges of the RCCA composition space. Detailed
analyses of atomistic simulations reveal that, similar to pure BCCmetals, plastic response in RCCA is
primarily governed by screw dislocations. However, at large strains, dislocation multiplication and
interactions (Taylor hardening) become the dominant mechanisms contributing to RCCA strength.

Developed relatively recently, the concept of complex concentrated alloys
(CCA) has opened a floodgate of new research in physical metallurgy as a
science of making new structural materials1–3. Unlike traditional materials
used for millennia, CCAs are composed of several (typically four or more)
elements mixed in nearly equal fractions. Opening this combinatorial ‘box’
of alloy compositions brings about virtually unbounded possibilities in
terms of alloy chemistries and properties, making the exploration of this
novel type of material both exciting and daunting. However, despite an
explosive growth inCCAresearch andowing todifficulties in alloy synthesis
and characterization, CCA developers have only explored relatively few
truly distinct alloy chemistries. At the current rate of Edisonian exploration,
much of the vast space of possible alloy compositions will remain unex-
plored for a long time, delaying our understanding of crucial features that
govern CCA design optimization and control their properties. Theoretical
models of CCAs, if sufficiently accurate and discriminating, can furnish
valuable guidance to alloy developers by pointing to alloy chemistries and
compositions that may be worth trying to synthesize.

When it comes to the mechanical strength of CCA, models have
emerged in the literature building on and extending early statistical models
of alloy strengtheningoriginallydeveloped fordilute alloys4,5. Just as indilute
alloys, CCA strength is ultimately defined by the interaction of dislocations
with chemical disorder. However, all theoretical models of alloy strength-
ening so far have only considered the motion of a single dislocation
immersed in a sea of alloying impurities. Yet crystal plasticity and
mechanical strength are not reducible to the behavior of individual

dislocations, resulting instead from complex collective interactions between
large ensembles of dislocations andother crystal defects. Interactions that, in
and of themselves, remain poorly understood. Performed at the limits of
super-computing, here we use large-scale Molecular Dynamics (MD)
simulations of model complex alloys to directly assess the effects of alloy
chemistry and composition on alloy plastic strength. Rather than relying on
any theoretical model, our simulations faithfully capture the full complexity
of dislocation motion and dislocation interactions in complex chemical
environments, and can thus be regarded as unbiased computational
experiments to be used to test existing models of CCA strength and as a
proving ground for further theory development. In retaining every detail of
atomic motion, our MD simulations simultaneously serve as a full-
resolution in silico microscope, allowing unambiguous attribution of alloy
strengthening to underlying atomistic mechanisms.

Results
In this work, we focus on single-phase body-centered cubic (BCC) refrac-
tory CCA (RCCA), intensely studied by alloy developers for their demon-
strated high mechanical strength retained up to high temperatures1,6–12. In
view of the extremely high computational cost ofMD simulations of crystal
plasticity13–15, herewe use two computationally expedient sets of interatomic
potentials available for RCCA simulations: the Embedded Atom Model
(EAM)potentials16 and the SpectralNeighborAnalysis Potentials (SNAP)17.
We perform MD simulations of single crystals in which atoms are initially
randomlyplacedonBCC lattice sites according to elementnumber fractions
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in the CCA (ideal random solid solution).Whereas atomistic simulations of
CCAperformed so far have only considered perfect dislocation-free crystals
or atmost a single dislocation in a crystal, our crystals are large enough (~33
× 106 atoms) to accommodate multiple dislocation sources, thus enabling
all-important dislocation multiplication and dislocation collisions to pro-
ceed naturally in response to compressive straining. As a measure of
mechanical strength, here we opt for the flow stress attained in steady flow
regimes reached at large compressive strains ~0.5, well past few percent of
strain at which the same crystals yield (Fig. 1a). Unlike the yield stress that
depends on the initial dislocationmicrostructure, the saturated flow stress is
a material property previously shown to be independent of the initial
conditions in theMD simulations14 (see also Supplementary Fig. 6). Limited
by finite –albeit large– computational resources, we perform all our simu-
lations under a true deformation rate of 108 s−1 in an NPT ensemble at
ambient pressure and at temperature of 1000 K, i.e., in themid-range of the
temperature interval in which RCCAs are expected to retain high plastic
strength (see Methods for details). Although nominally high-rate, our MD
simulations are essentially quasi-static in the sense that their overall time-
scale of ~10 ns comfortably exceeds characteristic timescales of dynamic
processes of dislocation motion and interactions as observed in the same
simulations14,15,18–20. Furthermore, both experiments21 and our ongoingMD
simulations suggest that alloy strengthening (to beprecisely definedbelow) is
relatively insensitive to deformation rates.

On the short time scale of our simulations, no species diffusion is
observed, thus precluding diffusional phase transformations that some of
our model RCCAs would have otherwise experienced if givenmore time to
evolve. We verified that model alloys of all compositions reported here
retained single-phase BCC structures throughout MD simulations. On the
upside, our MD simulations can bring out the effects of alloy composition
on strength more clearly by exploring a wider range of compositions in
which some of our model alloys are only metastable in the BCC phase.
Consequently, our predictions should be viewed not as recommendations
for practical alloy design, but rather inform alloy designers on the generic
effects of chemical disorder on CCA strength.

Cocktail effect
Considering ternary Fe-Ta-W alloys modeled with EAM potentials devel-
oped in Zhou et al.22, our first target is the elusive “cocktail” effect, whereby

mixing together component metals –cocktail ingredients– may possibly
result in aCCAmechanically stronger than could otherwise be expected. To
quantify synergistic cocktail strengthening, it is necessary to define an
expectation baseline. The simplest V-baseline is from Vegard’s law 23,
defined as the sum of component metal strengths weighted by each com-
ponent’s atomic fraction. In the following, we equate cocktail strengthening
or simply strengthening to alloy strength in excess of theV-baseline strength.
Another baseline previously developed specifically for EAMpotentials is the
simulated strength of an average atom model24 in which all atoms are the
same, but atom-atom interactions are represented by the fraction-weighted
average of interatomic interactions of the componentmetals (seeMethods).
As shown in Fig. 1b and documented in Supplementary Tables 1 and 2, for
all model alloys simulated with EAM potentials in this study, the two
baselines are close to eachother, with theV-baseline strength slightly greater
than theA-baseline one formost alloy compositions. Finally, the strength of
the strongest among all component metals in our model ternary alloys
(tungsten) presents yet another, most stringent baseline (referred to as ‘W-
baseline’ in the following). Regardless of which baseline is used, for con-
sistency, all strength values should be computed under the same simulation
conditions, which is precisely what we do here. As predicted by the EAM
model, the Fe-Ta-W cocktails are strong with respect to all three baselines,
with some compositions demonstrating extreme cocktail strengthening
being markedly stronger than even the W-baseline (Fig. 1b). This obser-
vation prompted us to use the same EAMmodels to search for the strongest
alloy composition within the Fe-Ta-W RCCA family.

GPR-guided search for strong alloy compositions
MD simulations of the kind reported here are costly, each requiring thou-
sands of node hours on massively parallel supercomputers to complete. To
reduce computational effort, we perform iterative optimization where a
Gaussian process regression (GPR) surrogatemodel isfitted to reproduce all
previously sampled strength-composition points in the Fe-Ta-W space and
then used to predict the next likely composition to sample for maximum
strength (see Methods for details). While never 100% exact, GPR iterations
guided by MD predictions can bring the search to a composition of max-
imum strength. Here, we continue our iterative search until its last iteration
brings no more than 3% improvement in strength, as subsequently pre-
dicted in MD. Starting from MD strengths computed for the equiatomic

Fig. 1 | Cocktail strengthening of ternary Fe-Ta-W RCCAs predicted in MD
simulations. a Full stress-strain response was observed in several molecular
dynamics (MD) simulations. Metal and alloy symbols are shown next to corre-
sponding stress-strain curves. The dashed linemarks the strain interval used for flow
stress averaging. b Full pies above the dashed line are plastic strength values pre-
dicted in MD simulations of pure metals and random solution refractory complex

concentrated alloys (RCCAs), and hollow pies below the dashed line are strength
values of corresponding A-atom models, both plotted against the V-baseline
for strength of the same metals and alloy compositions. Colors in the pies indicate
fractions of each component metal. Strength values predicted for three pure metals
lie on the dashed diagonal line marking zero strengthening with respect to the
baseline.
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FeTaW alloy and Fe25Ta25W50, the GPR search converged to a binary
Fe38W62 composition in just four more iterations (Fig. 2a and Supple-
mentary Table 1). For graphical representation of strength variations over
alloy composition space in Fig. 2 and elsewhere, in the following, we use the
standard composition triangle for ternary alloys and the composition tet-
rahedron (see Supplementary Information) for quaternary alloys. We per-
formed a similar GPR-guided search for the strongest compositions among
quaternary Nb-Mo-Ta-W alloys modeled with the same EAM potentials
(extended by Lin et al.25 to include Nb) as well as with the SNAP model
potentials developed for the same quaternary alloy by Li et al.26. Detailed in
Supplementary Table 2 and Supplementary Figs. 1a and 2, model EAM
quaternary alloys exhibit no discernible cocktail strengthening, predicting
elemental W to be the strongest system. By comparison, the same Nb-Mo-
Ta-W alloys modeled with the SNAP potentials show minor cocktail
strengthening over the V-baseline (A-models are not defined for SNAP
potentials) and perhaps even slight strengthening over the W-baseline
(Supplementary Table 3 and Supplementary Figs. 1b and 2). Minor dis-
crepancies in predicted strengthening notwithstanding, an iterative search
for the strongest alloy over the composition space of SNAP quaternaries
quickly converges to a tungsten-rich alloy (Supplementary Fig. 1b).Wenote
that despite minor difference between the SNAP and the EAM models in
predicting the strongest ternary compositions, strength of the tungsten-rich
composition predicted to be strongest by the SNAP model is within 2% of
strength predicted by the same SNAP model for the unalloyed tungsten.
Variations among predictions between two model potentials observed in
this instanceprovide ameasure of overall uncertainty in ourMDpredictions
of strength. In parallel, we also performed GPR-guided MD simulations in
search of alloy compositions of highest specific strength defined as the ratio
of alloy strength to alloy density, an important parameter for technological
applications requiring strong lightweight materials (see Supplementary
Tables 1, 2 and 3 and Supplementary Figs. 4 and 5).

Comparison to the Maresca-Curtin edge model
Among theoretical models proposed so far for predicting the strength of
complex BCC alloys27–31, we opt to compare our MD simulations to the
model proposed by Maresca and Curtin (‘MCE’model in the following) in
which alloy strengthening is assumed to result from interactions between
edge dislocations and a sea of substitutional impurities28,30. As detailed in
Methods, for direct comparison toourMDpredictions, theMCEmodel had
to be rescaled to the high deformation rates employed in our simulations

and adjusted for the high strengthof componentmetals not accounted for in
theMCEmodel. Shown inFig. 2b and c, variations of the strengthening over
the composition space of ternary Fe-Ta-W alloys predicted by the MCE
model differ both quantitatively and qualitatively fromourMDpredictions,
even though the same EAM interatomic potentials were used in our MD
simulations and in computing material parameters entering the MCE
model. Compositions of predicted maximum strengthening are quite dif-
ferent: binary Fe38W62 from our MD simulations versus ternary
Fe40Ta30W30 from the MCE model.

Deformation microstructure
Full atomistic resolution of our MD simulations permits in-depth exam-
ination of the origins of strengthening in RCCA. In particular, ourMDdata
reveals which dislocation line orientations—screws as proposed in Rao
et al.31, or edges as in the MCEmodel—experience greater lattice resistance
to dislocation motion. 12 h111i dislocations with line orientation parallel to
the Burgers vector (screws) are known to be much less mobile than dis-
locations of non-screw orientations in BCC metals and dilute alloys at low
and intermediate temperatures. One prominent manifestation of such
mobility anisotropy is numerous TEM observations of long straight screws
drawn bymoremobile non-screw segments of the same dislocations gliding
out of existence after a moderate amount of plastic deformation32,33. The
same anisotropy has been confirmed to persist in high-rateMD simulations
of pureBCCmetals14,18. If edgedislocationswere to experience greater lattice
resistance than screws—the key assumption in the MCE model – edge line
orientations should become similarly over-represented over the screws in
plastically deformed RCCAs. Figure 3a, b present two in silico “micro-
graphs” extracted using the DXA algorithm in OVITO34 at the end of the
corresponding MD simulations. Visual inspection reveals comparably
dominant presence of screws (red lines) in elementalWand in the Fe38W62
RCCA, which becomes more evident from Fig. 3c and d showing detailed
distributions of dislocation line characters computed at different stages of
straining. Clearly, screw dislocations become just as over-represented in
RCCA as in pureW.A slight redistribution of dislocation orientations from
exact screws to near-screws is observed, reflecting the well-recognized
waviness of screw dislocations in RCCA caused by chemical disorder28,35.

Further evidence for an essential role of screw dislocations in RCCA
plasticity is presented in Fig. 3e, f, showing defects other than dislocations
generated under identical deformation conditions in pure W and a binary
RCCA. Copious amounts of gray features seen in two snapshots at the very

Fig. 2 | GPR-guided search formechanically strong alloys. aThe Gaussian process
regression (GPR) search path in the Fe-Ta-W composition space: starting from the
last of five simulated compositions selected based on intuition, four white arrows
trace the sequence of four subsequent GPR predictions followed byMD simulations,
eventually leading to Fe38W62 as the strongest composition. Colors over the com-
position triangle and the colormap at the top show ranges of alloy strength predicted
by a GPR surrogatemodel fitted to all alloy compositions for whichMD simulations

were performed. b Strengthening, defined as strength minus the V-baseline,
as a function of alloy composition predicted by a GPR surrogatemodel fitted to nine
MD simulations of Fe-Ta-W alloys. c Strengthening of Fe-Ta-W alloys predicted by
the Maresca-Curtin edge (MCE) model. Color maps at the top of (b) and (c) show
the range of predicted strengthening. Black dots mark compositions of maximum
predicted strengthening.

https://doi.org/10.1038/s41524-026-01975-5 Article

npj Computational Materials |          (2026) 12:120 3

www.nature.com/npjcompumats


end of the simulated compression enclose vacancies, self-interstitials, and
clusters thereof. The concentration of suchdefects is zero initially but is seen
to steadily growover the course of deformation. The origin of such defects is
in self-pinning of screw dislocations as a consequence of kink-pair
nucleation on two different glide planes35,36, a mechanism significantly
raising lattice resistance to dislocation motion and operating only on screw

dislocations. The debris density in RCCA is about two times greater than in
pure W, suggesting that self-pinning of screw dislocations offers markedly
greater resistance to dislocation motion in RCCA than in W. This is con-
sistent with earlier observations that, owing to chemical disorder, screw
dislocations can formcross-kinks inRCCAevenat rest under zero stress28,37.
In addition to cross-kinks, jogs resulting from dislocation intersections add

Fig. 3 | Defect microstructures attained under compressive deformation of pure
W and Fe38W62 binary alloy. a Dislocation network in W and b in Fe38W62.
Dislocation lines are colored according to their orientations with respect to their
Burgers vectors: red lines indicate screw dislocations and blue lines indicate edge
dislocations. c Distribution of dislocation characters in the beginning and d in the

end of the same twoMD simulations. The histograms are binned on the cosine of the
dislocation character angle. The histogram colors indicate different dislocation
types. e Debris defects in W and f in Fe38W62: gray blobs enclose atoms outside of
dislocation cores deemed “not body-centered cubic (BCC)” by the adaptive common
neighbor analysis (CNA) algorithm53.
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resistance to dislocationmotion and can similarly produce point defects and
defect clusters.

Taken together, these results indicate that forest hardening naturally
emerges as the dominant contribution to plastic strength in RCCA, in
contrast to the assumption of theMCE theory, which neglects dislocation-
dislocation interactions. Unlike the MC framework, which attributes
strengthening to isolated edge dislocations, our molecular dynamics
simulations explicitly capture collective interactions between screw and
edge segments. As a result, forest hardening arises spontaneously rather
than being imposed by initial conditions. The observed discrepancy
between our results and the MC theory, therefore, highlights the need for
theoretical models of random solid-solution alloys to incorporate dis-
location interaction and multiplication effects to realistically describe
alloy strengthening.

Taylor hardening
Overall, Fig. 3makes a strong case for a dominant role of screw dislocations
in the plastic response of BCC metals and RCCA alike. However, our MD
simulations show that plasticity in BCC crystals cannot be reduced to the
behavior of individual dislocations, screw or edge, revealing instead that
dislocation-dislocation interactions contribute decisively to flow stress. Not
presently accounted for in theoretical models of RCCA strength, the con-
tribution of dislocation interactions to the flow stress is well captured by the
venerable Taylor hardening equation38

τ ¼ αμb
ffiffiffi
ρ

p
; ð1Þ

where τ is the flow stress, μ is an elastic stiffness modulus, b is the Burgers
vector, and α is a dimensionless hardening coefficient accounting for the
holding strength of dislocation network junctions. Attributed to additional
resistance to dislocation motion caused by intersecting dislocations that
multiply under deformation39, Taylor (network) hardening has been widely
observed and quantified in a wide variety of crystalline materials. In pure
(unalloyed) FCC metals, network hardening makes a dominant contribu-
tion to plastic strength at quasistatic (~10−4/s) laboratory tests40–44. This
dominance persists at high rates (~108/s) of our MD simulations, mani-
festing itself clearly in flow stress closely tracking the square root of dis-
locationdensity over long deformationpaths in FCCaluminum(Fig. 4a and
b). Taylor hardening has been similarly observed in laboratory tests of BCC
metals45,46, however, in our high-rate MD simulations of BCC metals and
RCCAs, no hardening of any kind is observed past initial yield: the flow
stress remains very nearly constant under continued deformation (Fig. 1a
and Supplementary Fig. 4) even though dislocation density rises by a
substantial factor. Apparent lack of hardening under high-rate deformation
conditions was proposed14 to result from nearly complete compensation of
lattice resistance and network resistance, one falling and the other
simultaneously rising as dislocations multiply under continued deforma-
tion. Well-resolved Taylor hardening in low-rate experiments and no or
little hardening in our high-rate MD simulations are reconciled by
observing that lattice resistance in BCC materials is highly rate-dependent
and decreases rapidly—linearly (edge dislocations) or even super-linearly
(screw dislocations)—with decreasing deformation rates, whereas network
(Taylor) resistance closely follows thedislocationdensity that decreaseswith
rates much more slowly. This is further illustrated in Fig. 4c, where Taylor
hardening past yield in BCC tantalum becomes increasingly noticeable at
lower deformation rates.

Given their exorbitant computational cost, we have not performed
RCCA simulations at rates lower than 108/s; however, the close similarity of
plasticity response of pure BCCmetals and RCCAs (see Fig. 3) suggests that
our MD simulations of BCC tantalum shown in Fig. 4c are qualitatively
representative of RCCAs as well. Indeed, we observe the same interplay
between lattice and network resistance in RCCA, both enhanced in com-
parison to elemental BCC metals. Owing to chemical disorder reflected in
enhanced self-pinning of screw dislocations (compare Fig. 3e and f) lattice
resistance should be substantially greater in RCCA than inW, but so should

be the network resistance given that dislocation density attained in the
RCCA (Fig. 3b) is 3.3 times greater than in BCCW (Fig. 3a). Remarkably,
having attained their corresponding states of steady plastic flow, all BCC
componentmetals and all binary, ternary and quaternaryRCCAs examined
in our MD simulations fall close to a straight line with slope 1.0—the solid
black line in Fig. 4d—of classical Taylor hardening (Fig. 4d). A linear best fit
to the data points on the same log-log plot yields an intercept corresponding
toTaylorhardening coefficientα=0.25which iswithin the rangeof 0.2–0.35
quoted in the literature for parameter α in pure BCC metals and dilute
alloys47. Remarkably simple, when theTaylor hardening equation holds, it is
a sign thatflow stress is defined by network resistance todislocationmotion.
Its applicability was recently verified even for colloidal crystals in which
shear modulus, the Burgers vector and dislocation densities differ by many
orders of magnitude from those in FCC or BCC metals48. We posit that,
despite lattice resistance todislocationmotionbeinghigh inBCCmetals and
further enhanced by chemical disorder in RCCAs, on reaching sufficiently
large strains, network resistance becomes the dominant contribution toflow
stress.We expect that, similar to elemental BCCmetals, the cross-over point
at which network resistance becomes dominant, and the Taylor equation
begins to hold in RCCA, shifts towards lower strains with decreasing
straining rates. In a state where flow stress is defined by Taylor hardening,
the rate and temperature dependence of flow stress are defined by the rate
and temperature dependence of dislocationmultiplication andannihilation.
We further conjecture that, although lattice resistance can make a large or
even possibly dominant contribution to plastic strength of BCCmaterials at
initial yield, network resistance (Taylor hardening) defines plastic strength
at large strains, thus bearing on ultimate strength and ductility, i.e., the
material’s ability to remain strong at larger strains well past yield.

Discussion
Having established that the plastic strength of BCCmaterials is inextricably
controlled by both lattice and network contributions, next we turn our
attention to the reasons behind the higher strength of RCCA relative to
elemental BCCmetals. Naturally, compositional complexity comes tomind
as the decisive factor enhancing RCCA strength, as it relates to both lattice
and network strengthening. Prior studies point to atomic size misfit, an
inevitable consequence of high chemical disorder in crystals, as the main
culprit in enhanced lattice resistance in complex alloys24,29.When it comes to
enhanced Taylor hardening, it is not clear exactly how compositional
complexity magnifies dislocation multiplication relative to that in pure
metals. Here, we speculate that enhanced dislocation multiplication
observed inour simulationsofRCCAmay share its originwith the increased
lattice resistance clearly observed in the same simulations. This is sub-
stantiated by observations of profuse cross-kinking on screw dislocations
induced by chemical disorder in RCCA. Resulting from collisions of kinks
moving on non-parallel glide planes35,36, cross-kinks act as strong pinning
points that canonlybe resolvedby emittingpointdefects ordefect clusters in
the form of prismatic ‘debris’ loops. In MD simulations of sufficiently long
(~1000b) individual screwdislocation lines under conditions similar toMD
simulations reported here, we observe some of the larger emitted debris
loops to subsequently rotate and extend into dipoles of two new screw
dislocations. We estimate that stress attained in our MD simulations of
RCCA should be sufficiently high for such a self-multiplicationmechanism
to operate.

Designed as computational experiments, our large-scale MD simula-
tions reveal a complex interplay of plastic flow mechanisms in composi-
tionally complex alloys, some of which remain unaccounted for in existing
theoretical models of RCCA strengthening. Critical among deficiencies
uncovered in our simulations is disregarding the contribution of dislocation
multiplication and dislocation network resistance (Taylor hardening) to
alloy strength while relating RCCA strength solely to mobility properties of
individual dislocations (lattice resistance). Even if chemical disorder raises
both the lattice resistance and the network resistance in RCCA, the latter
becomes increasingly dominant with increasing plastic strain and/or
decreasing deformation rates. To mitigate the combinatorial cost of
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searching for mechanically strong alloys in RCCA composition spaces, we
employ iterative optimization using Gaussian process regression. At var-
iance with existing literature, compositions ofmaximum strength are found
on a binary edge of the composition space (in Fe-Ta-W alloys) or at or near
the strongest component metal W (in Nb-Mo-Ta-W alloys). Of the two
alloy families examined here, only the ternary Fe-Ta-W alloys exhibit
prominent cocktail strengthening,whereas quaternaryNb-Mo-Ta-Walloys
do not which is attributed to a significantly greater size misfit between
smaller Fe atoms and larger Nb, Mo, Ta and W atoms. In the absence of a
significant sizemismatch, compositions of maximum strength are found at
larger fractions of elastically stiff component metals. Rather than practical
recommendations for alloy design, at present we regard our simulations as a
means to test existing theoretical models and to reveal relevant atomistic
mechanisms of alloy strengthening, thus serving as a proving ground for yet

to be developed quantitative theory of RCCA strength.We envision that, in
synchrony with the ongoing explosive development of quantum-accurate
interatomic potentials for complex materials, combining large-scale MD
simulations with iterative optimization can become an efficient and
increasingly accurate approach for computational pre-design of mechani-
cally strong complex alloys.

In interpreting these findings, it is important to introduce a relatively
high initial dislocation density to ensure that dislocation glide governs
plastic deformation under quasistatic conditions. This setup is notmeant to
reproduce experimental microstructures but to suppress nucleation-
controlled mechanisms such as twinning or displacive transformations
that would otherwise dominate at high MD strain rates. Given the limited
system sizes accessible to MD, a sufficient initial dislocation population is
required to realize a ’dislocation-only’ response. Notably, the steady-state

Fig. 4 | Taylor hardening inmetals and alloys. a Red line is resolved flow stress as a
function of strain from an MD simulation of face-centered cubic (FCC) aluminum
subjected to uniaxial tensile deformation along the [001] axis at a strain rate of 5 ⋅ 107/
s and temperature of 300 K (previously unpublished data from ref. 15). The blue line
is the same stress predicted using the Taylor equation with the parameter α equal to
0.257 and the dislocation density observed in the same simulation. b Same as (a) but
for tensile deformation along the [111] axis and Taylor equation prediction with α
equal to 0.21. c Solid lines show stress on the maximum resolved shear stress planes
in BCC tantalum fromMD simulations of uniaxial compression along the [100] axis
at 300 K at five different deformation rates. Dashed lines show flow stress predicted

for the same deformation rates using the Taylor equation with α equal to 0.32.
d Steady flow stress on the maximum resolved shear stress planes is plotted against
the square root of the dislocation density ρ fromMDsimulations of pure BCCmetals
and RCCAs under uniaxial compression along the [001] axis at a strain rate of 108/s
and 1000 K. To obtain the Taylor equation prediction on the horizontal axis,

ffiffiffi
ρ

p
was

multiplied by theVoigt average shearmodulus μ and the Burgers vector b, computed
separately for each model material. The Burgers vectors and the shear moduli were
computed individually for every alloy composition presented on the plot in (d) at
ambient pressure and the same temperature, 1000 K, as in all ourMD simulations of
alloy strength.
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flow stress and dislocation density are largely independent of the initial
density, although reaching the same state from a lower density would
require unrealistically long simulation times.

Methods
MD simulations
AllMD simulations were performed on the Lassen supercomputer at LLNL
using the KOKKOS GPU implementation of LAMMPS code49 with EAM
potentials developed by Zhou et al.22 and SNAP potentials developed by Li
et al.26. BCC crystals comprised of about 33 million atoms and oriented
along x = [100], y = [010], z = [001] were generated with periodic boundary
conditions enforced in all three dimensions. To simulate random solid
solutions, atom species were randomly distributed at proportions deter-
mined by ratios of constituent components in each target alloy. Following
the methodology described in detail in ref. 14 the crystals were seeded with
dislocation loops at initial dislocation density ρdisloc = 2 × 1015/m2, followed
by annealing using nph barostat at zero pressure and langevin thermostat at
1000 K. Starting from an initial aspect ratio 4:2:1, uniaxial compression was
applied along the x-axis of the crystal at a constant strain rate ϵ

�
=108/s under

continued coupling to a nph barostat and a langevin thermostat to sustain a
uniaxial stress state and the same constant temperature 1000K. All simu-
lationswere performedusing a time stepdt=10−2 ps.Dislocation anddebris
defects were extracted using the DXA algorithm50, and the resulting con-
figurations were visualized in OVITO34.

Average atompotentials used inMD simulations ofA-baselinemodels
had the same functional form as the original EAM potential22 with the
potential energy of an atom i given by:

Ei ¼
X
i

FAðρiÞ þ
1
2

X
i;j≠i

ϕAAij ; ð2Þ

FAðρiÞ ¼
X
α

cαF
αðρiÞ; ð3Þ

ρi ¼
X
j≠i

X
α
cαρ

α
ij: ð4Þ

ϕAAij ¼
X
α;β

cαcβϕ
αβ
ij ; ð5Þ

Here, F is the embedding function, ρi is the electron charge density at the
location of atom i supplied by its neighbors j and ϕij defines the pair-wise
interaction between atoms i and j. Superscript A pertains to the average
atom model, whereas α and β index chemical identities of atoms i and j.

Iterative Gaussian process regression
To guide our search for mechanically strong alloys in the space of alloy
compositions, we used Gaussian process regression (GPR) models imple-
mented in Scikit-learn51. GPR is a nonlinear, non-parametric regression
method widely used for interpolating between data points scattered in a
high-dimensional input space. In comparisonwith otherML algorithms for
non-linear regression, GPR works particularly well on small data sets,
requires no cross-validation and can be adequately trained on a limited
number of inputs. Here, instead of training once for good, our GPR model
evolves through a series of training iterations on a dynamically enlarging
training set, aiming to improve the overall performance step-by-step.
Initially, themodel is trained using a small set of alloy compositions (inputs)
and their corresponding strength values computed in MD simulations
(labels), typically containing all elemental metals and a few symmetric alloy
compositions, e.g, equiatomic. Next, the model is used to predict a com-
position of the highest strength, followed by an actualMD simulation of the
just proposed alloy composition. After adding the newly computed com-
position and its plastic strength to the training set, the GPR model is
retrained and used to propose yet another composition of maximum
strength. By repeating such prediction-sampling-training iterations, the

accuracy of model predictions gradually improves. Iterations terminate
when themaximum strength predicted by the last retrainedmodel is within
3% of the strength of the last simulated alloy composition. The latter
strength is taken as the final prediction for the mechanically strongest
composition within the family of alloys being investigated. To maintain a
good balance between interpolation and extrapolation and to enable rea-
sonably accurate predictions of unseen samples, for theGPRkernel, we used
a combination of the linear kernel and the Radial basis function kernel and
the L-BFGS-B algorithm for optimization51.

ComparingMDsimulations to predictions of theMaresca-Curtin
edge model
The Maresca and Curtin edge (MCE) model assumes that CCA strength-
ening results from interactions between edge dislocations and a sea of
substitutional impurities28,30. Building on the classical statistical theory of
metal strengthening developed by Labusch for dilute alloys5,52, the MCE
model is perturbative in predicting not strength, but strengthening, i.e.,
strength added to that of a pure base metal caused by dislocation-solute
interactions. While extending to concentrated alloys a perturbative theory
developed for dilute alloys appears problematic, MC makes their develop-
mentmore palatable by defining their unperturbed hostmatrixmaterial not
as a base unalloyed metal, but as a hypothetical average atom material in
which atom-atom interactions are averaged over interactions in puremetals
with weights equal to fractions of each constituent element. Noting that an
infinite number of possible ways can be devised to average over atom-atom
interactions, none of them correct a priori, local chemical perturbations are
indeed minimized with respect to the so-defined composition-dependent
reference material. MC opted to use a convenient mixing rule for defining
cross-interaction potentials proposed by the original developers of the EAM
potentials used here22 and defined in Eqns. 3-6.

We observe that the already mentioned distinction between strength
and strengthening is often ignored in the literature altogether28,30 which can
be justified for FCC materials since the strength of pure FCC metals under
low deformation rates is indeed very low (~ 1MPa) and can be neglected by
comparison to amuchgreater strength of dilute and evengreater strengthof
concentratedFCCalloys.However strengthof pureBCCmetals canbequite
high even under low deformation rates (nearly 1 GPa for W) and becomes
still higher with increasing straining rates. Not subtracting a baseline
strength from ourMD simulation predictions for alloy strength would have
resulted in gross discrepancies between MD predictions and the MCE
model. In particular, as a perturbative model and as it should, the MCE
model predicts zero strengthening for alloy compositions corresponding to
pure metals, whereas the strength of pure metals predicted in our MD
simulations constitutes a large fraction of the total strength, even for the
strongest simulated alloy cocktails. Therefore, for consistency, in Fig. 2b, c
we compare our MD simulations to MCE model predictions only after
subtracting from each value of strength predicted in MD the strength
computed for the same alloy composition from its A-baseline model.

As discussed in ref. 29, the MCE model is nominally defined for
deformation rates below 104/s; however, scaling of yield strength between
high to lowdeformation rates is performed in an adhocmanner common in
the literature, yet inconsistentwithphysical observations. InusingOrowan’s
kinematic relation to connect macroscopic yield stress to mobility of non-
interacting dislocations—an assumption of “ideal gas of dislocations"
common to most, if not all, existing models of alloy strengthening—the
MCE model neglects any possible effects of dislocation multiplication and
dislocation interactions. Furthermore, the term defining scaling of yield
strength with deformation rate in the MCE model implicitly assumes that
dislocation density at yield remains the same over the entire range of
deformation rates below 104/s, thus completely ignoring the rate depen-
dence of dislocation multiplication. Yet, over the range of rates where the
MCE model is assumed to be applicable dislocation density attained in a
plastically deformed crystal varies by several orders of magnitude. Such
variations can not be discounted even if dislocation density enters the
equation for yield stress under a logarithm as it does in theMCEmodel. To
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enable comparisons to our high-rateMD simulation results, we modify the
MCEmodel equation for yield stress by inserting in it dislocation density ρ
observed in ourMD simulations resulting in the following adjusted form of
MCE model

τy ¼ τy0 � 1� kBT
Eb

log
ρbv0

E
�

 !" #2=38<
:

9=
; ð6Þ

where τy0 andEb are a zero-temperature glide stress and an activation energy
barrier, kB is the Boltzmann constant, T is temperature, ρ is composition-
dependent dislocation density, b is the Burgers vector and v0 has the
meaning of marginal dislocation velocity above which dislocation motion
no longer proceeds via kink pair nucleation mechanisms. Here we set v0 =
100m/s. To be able to computeMCmodel predictions using equation (6), it
is necessary to account for substantial variations of dislocation density over
the space of alloy compositions. For this purpose, we fitted a GPR surrogate
model to dislocation density values attained in our MD simulations of
actually sampled alloy compositions. To obtain τy0 and Eb, which both
depend on atomic sizemisfit and elastic constants as described in ref. 29, we
additionally calculated lattice parameters and elastic constants for SNAP
and EAM interatomic potential models at 1000K and ambient pressure.

Data availability
All data required to reproducefindingspresented in this paper canbe shared
upon reasonable request to the corresponding author of the paper.

Code availability
LAMMPS software used in all MD simulations reported in this work is
available at https://www.lammps.org.
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