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Abstract

Defects in crystalline materials are essential to advancing materials design, particularly
extended defects like dislocations, which play a crucial role in determining mechanical
properties. Understanding these defects enables researchers to synthesize improved mate-
rials, as dislocations govern how materials respond to external stress. For instance, when
stress is applied to a functional material, dislocations nucleate and move within the crystal
to prevent abrupt fracture. The dynamics of dislocations, along with their interactions
with obstacles such as grain boundaries, voids, and precipitates, provide critical insights
into tuning material properties like hardness, toughness, and ductility.

This PhD thesis explores the dynamics of dislocations and extended defects in crys-
talline materials and multi-component alloys using a combination of machine learning,
molecular dynamics, Monte Carlo simulations, and density functional theory. Specifically,
it investigates the behavior of dislocations in medium-entropy alloys and their interactions
with nano-scale chemical short-range ordering of constituent atoms. Additionally, nano-
mechanical tests, such as nano-indentation simulations, were conducted to examine the
manipulation of short range ordering. To further enhance simulation tools for dislocation-
related experiments, machine-learned interatomic potentials were developed, focusing on
the dynamics of dislocations and open surface nano-mechanical applications.

This thesis is presented as a collection of four publications, each advancing the un-
derstanding of defect dynamics from different angles. The author is the lead author in
three of these works and contributes as a co-author in the remaining one. The publi-
cations are grouped into two major themes. The first set centers on the development of
machine learning force fields, utilizing first-principles data, to enable more accurate molec-
ular dynamics simulations of dislocation behavior and nano-mechanical experiments. The
second set study the intricate dynamics of dislocations and their interactions in complex
alloys, with a focus on nano-mechanical testing and the role of atomic-level short range
ordering, explored through molecular dynamics simulations. Together, these works offer
valuable insights into computational materials science, particularly in understanding and
simulating dislocation dynamics in crystalline materials.

The research begins with study of dislocation dynamics through simulating nano-
indentation experiments on single crystalline tungsten matrices at various temperatures
and loading rates using molecular dynamics. Both empirical and machine-learned ap-
proaches were utilized for this study. The simulations aimed to investigate plastic defor-
mation mechanisms of this material. While similarities were observed in load-displacement
curves and dislocation densities across different interatomic potentials and crystal orien-
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tations at lower temperatures, key differences emerged in the elastic-to-plastic transition
stages, specifically at higher temperatures. These variations suggest the need for the de-
velopment of more accurate computational methods for plastic deformation in crystalline
materials. In this case study, machine learning force fields proved to have the most ac-
curate results in alignment with density functional theory calculations and experimental
data.

The research continues with the development of machine learning force fields for nano-
mechanical molecular dynamics simulations. Recognizing that interatomic potentials are
critical tools for simulating nano-mechanical behavior, a robust neural network inter-
atomic potential was developed for single crystalline Molybdenum and applied to molecu-
lar dynamics nano-indentation simulations. Ab initio configurations, including generalized
stacking fault structures and high-temperature configurations, were carefully selected to
capture the behavior of the indented sample. Inclusion of dislocation nucleation mecha-
nisms and accurate stacking fault energy curves allowed the neural network interatomic
potential to provide detailed surface energy landscapes during indentation. Compar-
isons with existing potentials revealed the neural network interatomic potential improved
accuracy in predicting shear stress and dislocation dynamics, aligning closely with exper-
imental results for reduced Youngs modulus and slip traces.

The research then investigates dislocation dynamics in multi-component NiCoCr medium-
entropy alloys using hybrid molecular dynamics and monte carlo simulations to explore
how short range ordering forms under thermal treatments such as annealing and aging.
Two different interatomic potentials, Li-Sheng-Ma (LSM) and Farkas-Caro (FC), are em-
ployed, with LSM effectively capturing short range ordering linked to experimental obser-
vations. By analyzing short range ordering within stacking faults, the study shows that
short range ordering enhances dislocation depinning and dynamics resistance, thereby
strengthening the alloy. This work provides key insights into how nanoscopic short range
ordering influences the dislocation dynamics in complex alloys.

The final part of the research focuses on exploring nano-mechanical tests, such as nano-
indentation, to manipulate short range ordering in multi-component equiatomic NiCoCr
alloys. Through atomic-scale modeling, it is demonstrated that nano-indentation can
be used not only as a mechanical probe but also as a tool for reorganizing local atomic
ordering. Specific nano-indentation protocols at room temperature are shown to induce
local reorganization of atoms under the indenter tip, forming distinct density-wave stripe
patterns. These patterns arise from the intrinsic interelemental energetics and are directly
linked to the stress fields caused by the nano-indentation probe. The findings suggest that
such manipulations of short range ordering could be validated experimentally through
nano-indentation, as a size effect correlated to the indenter radius is observed.

The thesis concludes by addressing the limitations and potential improvements of the
methods and interatomic potentials used in the simulations. While the developed neural
network interatomic potential and other potentials demonstrated significant accuracy in
predicting dislocation behavior and mechanical properties, challenges remain in capturing
complex atomic interactions at high strain rates and extreme temperatures. Additionally,
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the transferability of these potentials across different materials and loading conditions is
an area for future research. Further work, such as machine learning interatomic potential
development for dislocation dynamics study in multi-component alloys by employing ad-
vanced methods such as active learning and accurate machine learning models, is required
in this research area.
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Streszczenie (Abstract in Polish)

Defekty w materiaach krystalicznych odgrywaj kluczow rol w projektowaniu nowoczesnych
materiaów, szczególnie defekty rozszerzone, takie jak dyslokacje, które w duym stopniu
determinuj ich waciwoci mechaniczne. Zrozumienie tych defektów umoliwia naukowcom
tworzenie ulepszonych materiaów, poniewa dyslokacje decyduj o sposobie, w jaki materiay
reaguj na naprenia zewntrzne. Na przykad, pod wpywem naprenia w materiale funkcjo-
nalnym, dyslokacje inicjuj si i przemieszczaj w krysztale, zapobiegajc nagemu pkniciu.
Dynamika dyslokacji, a take ich interakcje z przeszkodami, takimi jak granice ziaren, po-
ry i wydzielenia, dostarczaj istotnych informacji potrzebnych do modyfikowania waciwoci
materiaów, takich jak twardo, wytrzymao i plastyczno.

Niniejsza rozprawa doktorska bada dynamik dyslokacji i defektów rozszerzonych w ma-
teriaach krystalicznych i stopach wieloskadnikowych, wykorzystujc poczenie metod ucze-
nia maszynowego, dynamiki molekularnej, symulacji Monte Carlo oraz teorii funkcjonau
gstoci. W szczególnoci analizuje zachowanie dyslokacji w stopach rednio-entropyjnych oraz
ich interakcje z nanoskaliowym uporzdkowaniem chemicznym atomów. Dodatkowo prze-
prowadzono testy nanomechaniczne, takie jak symulacje nanoindentacji, w celu zbadania
moliwoci manipulacji uporzdkowaniem krótkiego zasigu. Aby dalej ulepszy narzdzia sy-
mulacyjne stosowane w badaniach dyslokacji, opracowano interatomowe potencjay oparte
na uczeniu maszynowym, koncentrujc si na dynamice dyslokacji oraz zastosowaniach na-
nomechanicznych na otwartych powierzchniach.

Praca ta skada si z czterech publikacji, z których kada rozwija zrozumienie dynami-
ki defektów z innej perspektywy. Autor jest pierwszym autorem w trzech z tych prac,
a w czwartej wystpuje jako wspóautor. Publikacje te podzielono na dwa gówne tematy.
Pierwszy z nich koncentruje si na opracowaniu pól si opartych na uczeniu maszynowym,
które wykorzystuj dane z pierwszych zasad do umoliwienia bardziej precyzyjnych symu-
lacji dynamiki molekularnej zachowania dyslokacji i eksperymentów nanomechanicznych.
Drugi temat obejmuje szczegóowe badania dynamiki dyslokacji oraz ich interakcji w zo-
onych stopach, z naciskiem na testy nanomechaniczne i rol uporzdkowania atomowego
krótkiego zasigu, analizowan za pomoc symulacji dynamiki molekularnej. cznie prace te
dostarczaj cennych informacji w dziedzinie komputerowej nauki o materiaach, szczególnie
w kontekcie modelowania i symulacji dynamiki dyslokacji w materiaach krystalicznych.

Badania rozpoczynaj si od analizy dynamiki dyslokacji poprzez symulacje ekspery-
mentów nanoindentacji w monokrysztaach wolframu w rónych temperaturach i przy ró-
nych prdkociach obcienia, przy uyciu dynamiki molekularnej. W tym celu zastosowano
zarówno empiryczne, jak i oparte na uczeniu maszynowym podejcia. Celem symulacji
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byo zbadanie mechanizmów odksztace plastycznych tego materiau. Podczas gdy na ni-
szych temperaturach zaobserwowano podobiestwa w krzywych obcienie-przemieszczenie
i gstociach dyslokacji dla rónych potencjaów interatomowych i orientacji krystalicznych,
kluczowe rónice pojawiy si w etapach przejcia od stanu sprystego do plastycznego, szcze-
gólnie w wyszych temperaturach. Rónice te sugeruj konieczno opracowania bardziej pre-
cyzyjnych metod obliczeniowych dla mechanizmów odksztace plastycznych w materiaach
krystalicznych. W tym badaniu potencjay si oparte na uczeniu maszynowym okazay si
najbardziej precyzyjne, wykazujc zgodno z wynikami teorii funkcjonau gstoci oraz danych
eksperymentalnych.

Kolejnym krokiem w badaniach byo opracowanie potencjaów si opartych na uczeniu
maszynowym do symulacji nanomechanicznych metod dynamiki molekularnej. W uzna-
niu, e potencjay interatomowe s kluczowymi narzdziami w symulacjach zachowania na-
nomechanicznego, opracowano solidny potencja midzyatomowy oparty na sieciach neu-
ronowych dla monokrysztau molibdenu i zastosowano go do symulacji nanoindentacji
metod dynamiki molekularnej. Konfiguracje ab initio, w tym struktury ogólnych bdów
polizgu oraz konfiguracje wysokotemperaturowe, zostay starannie dobrane, aby uchwyci
zachowanie próbki poddanej wgnieceniu. Uwzgldnienie mechanizmów nukleacji dysloka-
cji oraz dokadnych krzywych energii bdów polizgu pozwolio potencjaowi neuronowemu
precyzyjnie odwzorowa powierzchniowe krajobrazy energetyczne podczas wgniecenia. Po-
równania z istniejcymi potencjaami wykazay, e potencja neuronowy poprawi dokadno
w przewidywaniu napre cinajcych i dynamiki dyslokacji, wykazujc zgodno z wynikami
eksperymentalnymi dla zredukowanego moduu Younga i ladów polizgu.

Nastpnie badania zajy si analiz dynamiki dyslokacji w wieloskadnikowych stopach
NiCoCr rednio-entropyjnych, wykorzystujc hybrydowe symulacje dynamiki molekularnej
i Monte Carlo w celu zbadania formowania si uporzdkowania krótkiego zasigu pod wpy-
wem obróbki cieplnej, takiej jak wyarzanie i starzenie. Zastosowano dwa róne potencjay
interatomowe: Li-Sheng-Ma (LSM) i Farkas-Caro (FC). Potencja LSM skutecznie uchwyci
uporzdkowanie krótkiego zasigu powizane z obserwacjami eksperymentalnymi. Analizujc
uporzdkowanie krótkiego zasigu w obrbie bdów polizgu, badanie wykazao, e uporzdkowa-
nie krótkiego zasigu zwiksza odporno na odpinanie dyslokacji, co skutkuje wzmocnieniem
stopu. Praca ta dostarcza kluczowych informacji o wpywie nanoskaliowego uporzdkowania
krótkiego zasigu na dynamik dyslokacji w zoonych stopach.

Ostatnia cz bada koncentruje si na eksploracji testów nanomechanicznych, takich jak
nanoindentacja, w celu manipulowania uporzdkowaniem krótkiego zasigu w wieloskadni-
kowych stopach NiCoCr. Modelowanie w skali atomowej wykazao, e nanoindentacj mona
wykorzysta nie tylko jako sond mechaniczn, ale take jako narzdzie do reorganizacji lo-
kalnego uporzdkowania atomowego. Specyficzne protokoy nanoindentacji w temperaturze
pokojowej pokazano jako indukujce lokaln reorganizacj atomów pod kocówk wgbnika,
prowadzc do powstawania wyranych pasm fal gstoci. Wzorce te wynikaj z wewntrznych
waciwoci energetycznych pomidzy pierwiastkami i s bezporednio zwizane z polami napre
generowanymi przez próbk nanoindentacyjn. Wyniki sugeruj, e takie manipulacje uporzd-
kowaniem krótkiego zasigu mona zweryfikowa eksperymentalnie za pomoc nanoindentacji,
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gdy zaobserwowano efekt rozmiarowy zwizany z promieniem wgbnika.
Praca koczy si omówieniem ogranicze i potencjalnych usprawnie metod oraz poten-

cjaów midzyatomowych stosowanych w symulacjach. Chocia opracowany potencja midzy-
atomowy oparty na sieciach neuronowych oraz inne potencjay wykazay znaczn dokadno
w przewidywaniu zachowania dyslokacji i waciwoci mechanicznych, wci istniej wyzwa-
nia zwizane z odwzorowaniem zoonych interakcji atomowych przy wysokich szybkociach
odksztace i ekstremalnych temperaturach. Ponadto, poprawa transferowalnoci tych po-
tencjaów midzy rónymi materiaami i warunkami obcienia pozostaje kluczowym zagadnie-
niem do dalszych bada. Dalsze postpy w tej dziedzinie mog obejmowa rozwój potencjaów
midzyatomowych opartych na uczeniu maszynowym, ukierunkowanych na badanie dyna-
miki dyslokacji w stopach wieloskadnikowych, z wykorzystaniem zaawansowanych metod,
takich jak aktywne uczenie si oraz bardziej precyzyjne modele uczenia maszynowego.
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Motivation

The field of materials science is continually evolving, driven by the need for advanced
materials that can withstand extreme conditions. This quest for innovative materials
often requires a deep understanding of their atomic-level behavior, particularly concerning
dislocation dynamics and the mechanisms of plastic deformation. The motivation for this
thesis arises from the recognition that traditional methods for studying these phenomena
often fall short in capturing the intricate interactions at the atomic scale. By exploiting
advanced computational techniques, this work aims to bridge the gap between theoretical
predictions and experimental observations and enhance our ability to design materials
with tailored properties.

The exploration of dislocation dynamics, presents a unique challenge. Dislocations
play a critical role in determining the mechanical properties of materials, and their be-
havior is influenced by various factors, including short-range order and the presence of
nano-precipitates. In this research, I also investigated the reorganization of short-range
order in conjunction with nano-mechanical tests, providing deeper insights into how these
factors interplay during mechanical deformation. Understanding these interactions is cru-
cial for developing materials that can endure high-stress applications, such as aerospace
and automotive components. The motivation behind this thesis is to provide insights into
the fundamental mechanisms governing dislocation dynamics. This leads to facilitating
the design of materials with improved performance and reliability

This thesis addresses the important aspect of dislocation dynamics in nano-indentation,
particularly in Tungsten. As a material known for its exceptional hardness and strength,
Tungsten is widely used in various applications. However, accurately modeling its mechan-
ical behavior during indentation remains a challenge. By employing tailored interatomic
potentials, this work aims to provide a more comprehensive understanding of the nano-
indentation process and its implications for the material’s performance. This motivation
stems from the need to develop reliable predictive models that can inform the design of
materials with enhanced mechanical properties.

Finally, the development of neural network interatomic potentials for nano-mechanical
applications is explained. The motivation for creating a neural network interatomic po-
tentials, specifically for Molybdenum in this thesis, lies in the potential to overcome the
limitations of traditional potentials and provide more accurate predictions of atomic-scale
dislocation dynamics mechanisms. By achieving this, the thesis not only contributes to a
deeper understanding of Molybdenum’s mechanical properties but also paves the way for
future studies on complex materials.
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Background

2.1 Fundamentals of Dislocation Dynamics
Dislocations are one-dimensional defects that govern plastic deformation in crystalline
materials. The core of a dislocation spans a width of only a few atoms radius, where
the atomic positions deviate significantly from the perfect lattice sites. This intrinsic
“lattice distortion” generates a localized stress within the crystal and makes dislocations
a primary source of internal stress in crystalline materials [1–3]. Dislocations have a
length dimension which this distortion extends along and is referred to as the “dislocation
line”. The orientation and geometry of a dislocation determine its type, which influences
its response to external forces and its impact on the material’s mechanical properties.
Dislocations are emergent defects in crystalline materials which makes their observation
and measurement particularly challenging.

Geometrically, dislocations are broadly classified into two main types: edge and screw
dislocations. Edge dislocations are a type of dislocation characterized by the addition of
an extra half-plane of atoms to the lattice structure of the crystal [4–7]. On the other
hand, screw dislocations are formed due to shear distortion within the crystal structure
[8–10] and facilitate plastic flow by twisting the atomic planes around the dislocation line.
In addition to their geometry, the differences of these types expand into their dynamics
in response to external force. While edge dislocations allow the plastic flow by “glide”
along specific slip planes, the plastic deformation through screw dislocations is mainly
due to atomic planes gliding past one another along helical paths [11]. Dislocations in
face-centered cubic materials split into two “partial dislocations” and create a stacking
fault region in the material, while this is not the case for body-centered cubic crystals.
Dislocations can exhibit edge or screw characteristics along different segments of the
dislocation line, known as “mixed dislocations”, which combines the properties of both
types [1].

The magnitude and direction of the lattice distortion caused by a dislocation, is defined
by its Burgers vector (~b) [1, 12]. The Burger’s vector direction in edge dislocation is
parallel to the dislocation line, while it is perpendicular to the dislocation line for screw
dislocations. For a perfect dislocation, an applied force in the direction of ~b leads into the
dislocation’s glide and motion within the material. The magnitude of the Burgers vector
is the shortest lattice translation distance [1]. Thus, for face-centered cubic crystals the
Burgers vector ~b = 1

2
〈110〉 with a magnitude of |b| = a√

2
, while for body-centered cubic

2



crystals ~b = 1
2
〈111〉 with the magnitude of |b| = a

√
3

2
. Here, “a” is the lattice constant.

The direction and magnitude of the Burgers vector are useful for determining certain
mechanical properties of crystals [1].

Dislocation motion is driven by the application of external stress to the material. The
external stress field acting on the material exerts a force on the dislocation, a concept
first quantified by Peach and Koehler [13]. The Peach- Koehler force drives the dynamics
of dislocations, which can occur through two primary mechanisms: glide motion and
climb motion [1]. Glide refers to the motion of a dislocation within a plane (the “slip
plane”) containing both the Burgers vector and the dislocation line, while climb occurs
when the dislocation moves normal to its Burgers vector and leaves the slip plane. At
low temperatures and in perfect crystals, dislocations primarily exhibit glide motion.
However, at higher temperatures and under applied forces, climb motion can occur as an
additional mechanism for dislocation movement [1]. Another type of dislocation motion
in crystals occurs when dislocations change their slip planes, a process known as "cross-
slip" [1]. For instance, screw dislocations in face-centered cubic crystals primarily slip in
the {111} family of planes but can transition to another plane within this family. The
activation energy for this phenomenon was first quantified experimentally by Bonneville
and Escaig [14]. Nucleation and interaction of dislocations with each other and other
defects, i.e. vacancies and Interstitials, results into formation of dislocation junctions and
loops, with characteristics of both edge and screw dislocation.

Dislocation junctions and loops are formed because a dislocation should either end on
a surface of a material or fork into other dislocations [1]. Junctions – regions where three
or more dislocations meet – happen due to nucleation, propagation and finally interaction
of dislocations in extreme environments or during mechanical tests [15, 16]. The Burgers
vectors of a junction’s constituent dislocations should be conserved (

∑~b = 0). This leads
into increase in the total length of the dislocations per unit volume, know as “dislocation
density”. Loops, on the other hand, happen when a dislocation closes upon itself [17, 18].
Loops are classified into “prismatic” and “glissile” types. While the Burgers vector of the
former is perpendicular to the loop plane, that of the latter is parallel to the glide plane [1].
In general, forces acting on the dislocations govern the plastic flow in crystals and form
complex hardening mechanisms in materials. The complex mechanisms underlying these
dynamics are collectively referred to as “crystal plasticity” or “work hardening”. Without
a thorough understanding of these processes, theoretical models fail to be descriptive,
particularly under extreme conditions and temperatures.

Dynamics of dislocations under external forces determine a material’s mechanical prop-
erties, such as ductility and strength. Materials with low dislocation density or limited
dislocation mobility tend to be brittle, whereas those with higher dislocation density and
greater mobility are generally more ductile [22, 23]. On the other hand, the strengthening
of materials depends on limiting dislocation motion. Various strengthening mechanisms,
such as solid solution strengthening [24] and precipitate strengthening [25] occur in alloys.
In solid solution strengthening, dislocation motion is hindered by local atomic misfits,
while in precipitate strengthening, precipitates act as obstacles to dislocation movement.

3



Figure 2.1: Demonstration of dislocations in computational methods in (a) molecular
dynamics simulations in a gallium nitride [19]. Here, the specific motion of dislocations
(red atoms) within this material is demonstrated. (b) Discrete dislocation dynamics
simulations. In this example, colors represent different slip systems in a copper crystal
[20]. (c) Continuum dislocation dynamics modeling for a AISI 316L steel [21], where
collective dynamics of dislocations is modeled using continuum fields. Here, the contrasts
in the image demonstrate the dislocation density.

The “Peierls stress” [26, 27] – the minimum stress required to initiate dislocation motion
without thermal assistance – is a useful parameter to quantify this resistance. Finally,
volume defect such as solutes in alloys, where a secondary atom (B) is added in excess
to the primary atomic structure (A), are another source of strengthening. When the
concentration of B atoms exceeds solubility limits, they precipitate, forming clusters that
impede dislocation motion and enhance the material’s strength [28–31].

Computational methods, such as molecular dynamics and discrete dislocation dy-
namics, are essential tools for investigating dislocation behavior, particularly when ex-
perimental approaches face significant challenges. Molecular dynamics techniques give
atomic-scale insights into dynamics of dislocation [32–39]. Properties such as mobility co-
efficient, cross slip energy barriers, interaction of dislocations with themselves and other
defects could be studied with molecular dynamics methods. The output parameters of
molecular dynamics simulation are often used to do large scale dislocation dynamics mod-
eling within discrete dislocation methods [40–44]. Two snapshots of dislocations studied
by these methods are shown in Fig. 2.1(a-b). In discrete dislocation dynamics methods,
each dislocation is considered as a line that interacts with other lines (dislocations), which
make the study of their interaction possible. In contrast, continuum dislocation dynamics
methods [21, 45, 46] simulates the compound behavior of dislocations within a material
using continuum fields (Fig. 2.1(c)), opposed to tracking each dislocation as a line.

2.2 Experimental Insights into Dislocations

2.2.1 Observation of Dislocation Dynamics

The direct observation of dislocations became possible only in the 1950s. The presence of
dislocations in materials was first hypothesized due to the discrepancy between the theo-
retical and experimental shear stress values required for plastic deformation [1]. Frenkel’s
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Figure 2.2: Examples of trnsmission electron microscopy images. (a) Bright-field image of
a Fe-Ni-based superalloy after a creep test at a temperature of 750◦C. Image credit: [53].
(b) Low angle annular dark-field image of NiCoCr medium entropy alloy: Copyright 2020,
Springer Nature [54]. (c) Weak-beam dark-field images of dislocations in FeCoNiCrAl0.1,
image credit: [55].

theoretical work [47] first estimated the shear stress required for plastic deformation in a
crystal, where revealed a value orders of magnitude higher than experimental measure-
ments. Experimental measurements of this value for nearly perfect crystal nanowires or
nanopillars, devoid of dislocations, aligned with theoretical predictions [48, 49]. This con-
firmed that defects were responsible for the previously observed discrepancy [1]. A second
indication of the presence of dislocations in materials arose from crystal growth theory,
where the growth of a crystal in vapor required a lower supersaturation percentage than
theoretically predicted [1, 50]. In this case, it was found that the presence of dislocations
ease the crystal growth by orders of magnitude less supersaturation required in the vapor.

The Emergence of advanced experimental methods, such as transmission electron mi-
croscopy, made the direct observation of dislocations possible. Various experimental tech-
niques are employed to measure dislocation properties, including dislocation density, spa-
tial distribution, and arrangement within different material types [51, 52]. Transmission
electron microscopy creates images of dislocations by utilizing the contrast generated from
strain fields within the material. More recently, high-resolution transmission electron mi-
croscopy techniques have enabled imaging at the atomic scale when very thin specimens
are studied. Transmission electron microscopy images are created by directing a beam of
electrons at a thin specimen of the material. Electrons that pass through the sample form
“bright-field images”, while those diffracted by the sample are used to create “dark-field
images” [1].

Transmission electron microscopy techniques facilitate detailed study of dislocation
types, core structures, and interactions with other defects by producing high-resolution
images of dislocations. Transmission electron microscopy techniques also reveal disloca-
tion line orientations and Burgers vector characteristics and allow for precise mapping
of dislocation structures and measurement of related properties [56–58]. For instance,
fine structure details of dislocations are studied through weak-beam dark-field imaging
by minimizing unwanted contrast from nearby crystal features [59–61]. A second exam-
ple is the use of high-angle annular dark-field scanning transmission electron microscopy
that enables atomic-scale imaging of dislocations [62–64]. This technique enables detailed
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study of dislocation interactions and individual atomic types, as image contrast directly
reflects the material’s composition.

Three examples of transmission electron microscopy imaging of dislocations are illus-
trated in Fig. 2.2. In Fig. 2.2 (a), a bright-field image of a Fe-Ni-based superalloy after a
creep test at a temperature of 750◦C is shown [53]. In such images, dislocations appear
as dark lines within the material. Bright-field images allow observation of slip systems,
dislocation density, core structures, and various other dislocation properties. A low-angle
annular dark-field image of a NiCoCr alloy [54] is shown in Fig. 2.2(b). This image
demonstrates that the direction of the Burgers vector can be identified within such im-
ages. Finally, weak-beam dark-field images, such as the one shown in Fig. 2.2(c), provide
a detailed visualization of dislocations [55]. These images allow precise measurements of
properties such as the distance between dislocations, known as stacking fault width, which
can be used to calculate stacking fault energy – a crucial parameter for understanding
material behavior.

Other techniques, besides transmission electron microscopy, include X-ray diffraction
topography [66, 67], scanning electron microscopy [68, 69], and field ion microscopy [70],
which are also used to observe dislocations. The X-ray diffraction topography technique
provides lower resolution images (1µm) compared to transmission electron microscopy.
However, it is advantageous because it allows for the examination of much larger samples
[1]. in contrast, field ion microscopy and atom probe field ion microscopy provide atomic-
level resolution to the dislocations which enables the study of their interaction with point

Figure 2.3: (a) Dislocation velocity versus applied shear stress in lithium fluoride [65],
image credit [1]. (b-c) Bright-field in-situ transmission electron microscopy images of
dislocation cross-slip in FeCoNiCrAl0.1, image credit: [55].
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defects such as vacancies and interstitials in applications like the study of radiation damage
[1]. Experimental techniques, such as scanning electron microscopy, allow the study of
dislocations at the surface of a material. Dislocations often nucleate and propagate from
the surface, and techniques like scanning electron microscopy can provide valuable insights
into tracking these movements on the surface of a material [1].

Early studies of the dynamic properties of dislocations became possible once re-
searchers developed methods to directly observe dislocations and prepare crystals in spe-
cific orientations, enabling controlled dislocation motion [14, 71]. The motion of disloca-
tions within a crystal, including properties such as dislocation velocity, cross-slip energy
barriers, and climb mechanisms, plays a critical role in determining a material’s mechan-
ical properties [1]. These properties were initially quantified through x-ray micrographs
[71]. These methods are more advanced today, as in-situ transmission electron microscopy
methods allow for real-time observation of dislocation dynamics and movements includ-
ing climb, cross-slip, and responses to external stimuli that is beneficial for clarity in
understanding dislocation behavior under varying conditions [72–76].

The velocity of dislocations can be measured using X-ray diffraction and in-situ trans-
mission electron microscopy techniques. This velocity depends on the type of dislocations,
purity of the material, temperature and the applied shear stress [1]. One method for
measuring dislocation velocity involves preparing a crystal in a specific crystallographic
orientation and inducing dislocations from the surface of the material. Upon applying
shear stress, the positions of the dislocations are tracked over time using X-ray diffraction
topography [71]. This technique has been successfully employed to determine the stress
dependence of dislocation velocity in copper [71] and other materials, such as lithium
fluoride [65], as shown in Fig.2.3(a). A More advanced technique is the calculation of
the velocity of the dislocation through in-situ transmission electron microscopy [77, 78].
Fig.2.3(b-c) show a gold nanowire before and after application of external stress, where
dislocation loops are observable through in-situ observation. In these methods, the posi-
tions of dislocations are directly measured using the output from a transmission electron
microscope while external stress is applied to the material. From the linear portions of
the stress-velocity curves, the mobility coefficient n can be calculated using the expression
v = v0

(
τ
τ0

)n

, where v and v0 are the dislocation velocities at corresponding applied shear
stress of τ and τ0, respectively.

Cross-slip properties of dislocations is also studied widely during past years [9, 55,
79]. Escaig and Bonneville [14] studied cross-slip by first predeforming a large single-
crystal pure copper sample, which induced the nucleation of several dislocations within
the material. Subsequently, new samples were cut from the predeformed specimen in
specific crystallographic orientations to ensure that the applied stress selectively facilitated
dislocation movement through cross-slip. This new technique allowed for quantifying of
related properties such as cross-slip activation volume, activation energy and dislocation
cross-slip rate. In-situ transmission electron microscopy also allows for study of cross slip
in crystalline materials. This is possible due to the fact that the rate of the cross-slip
could be calculated over time and makes quantification of related propertied achievable.
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2.2.2 Dislocation Dynamics in Complex alloys

Development of advanced alloy materials is central to modern technological advance-
ments, particularly for applications requiring materials that can withstand extreme con-
ditions [80, 81]. Recently, concentrated solid solution alloys have gained attention for their
promising mechanical properties. Take the example of equiatomic NiCoCr alloy, which
has exceptional strength, ductility, fracture toughness, and hardness with a rather simple
composition [80]. This remarkable performance is believed to root into specific chemical
and structural characteristics within the alloy, particularly the presence of nanoscale (1
nanometer) short-range ordering, which is influenced by thermomechanical processing and
affects dislocation behavior and stacking fault widths [82–85]. Additionally, lattice dis-
tortions and atomic misfits, which appear due to differences in atomic radii, are thought
to contribute to the alloy’s enhanced mechanical behavior [86, 87]. However, the exact
role of short-range ordering in upgrading these properties remains under investigation.

Characterizing dislocation behavior in complex alloys is crucial, as the observation of
these defects in multi-component alloys differs significantly from that in single-element
crystals [54, 55, 82, 88–90]. The observation of dislocations in complex alloys is particu-
larly challenging due to factors such as their chemical complexity, nanoscale short-range
ordering effects on dislocation motion, and the intricate dynamic evolution of dislocations
[55, 88, 89]. Additionally, transmission electron microscopy proves difficult, as overlap-
ping strain fields from dislocations and local misfit distortions (Known as the Cottrell

Figure 2.4: Dislocation dynamics study in high entropy alloys, image credit: [55, 88].
(a-c) In-situ transmission electron microscopy was utilized to study the nano-pillars of a
FeCoCrMnNi high entropy alloy during and after deformation. (c-d) Dislocation cross-
slip study of a FeCoNiCrAl0.1 high entropy alloy through in-situ transmission electron
microscopy.
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atmosphere [91, 92]), or the overall complexity of strain fields, hinder clear visualization.
Thus, nanowires or nanoscale pillars are used for imaging, as dislocation dynamics can be
more effectively controlled at the nanoscale [88]. Fig.2.4(a) shows a nano-pillar of a Fe-
CoCrMnNi high-entropy alloy. In-situ transmission electron microscopy allows for study
of dislocation motion during the deformation of the this alloy as shown in Fig.2.4(b). It
has also been observed that dislocations appear straighter after load removal Fig.2.4(c),
though the origin of this phenomenon remains unknown. Atomic-scale observation of
short-range ordering and other effects is crucial to understanding this behavior. In-
situ techniques were also used to study the cross-slip of dislocations in FeCoNiCrAl0.1
high-entropy alloys [55]. As shown in Fig.2.4(d-e), in-situ methods allow for observing
dislocations motion from one slip plane to another slip plane family.

Molecular dynamics simulations can aid in understanding dislocation dynamics in
multi-component alloys [32–39]. This is because molecular dynamics provides atomic-
scale insights into dislocations, enabling the study of numerous dislocation-related prop-
erties that are challenging or impossible to investigate using experimental methods. The
emergence of machine learning force fields [93–97] has further enhanced the atomic-scale
precision in studying dislocations. Machine learning force fields, trained on density func-
tional theory data, allow the molecular dynamics study of dislocations with near-quantum
accuracy. These recent advancements could address many unanswered questions about
dislocation dynamics in complex alloys, which are challenging to investigate experimen-
tally. An example is the significant differences discovered in pillar compression of body-
centered and face-centered crystal structures [98]. Molecular dynamics simulations have
shown that plastic deformation and dislocation nucleation and multiplication in these
crystal structures are fundamentally different.

2.3 Machine Learning Force Fields in Dislocation Dy-
namics Modeling

A variety of computational approaches are used in modeling nanomechanical testing and
each of them offer distinct advantages and limitations. Finite element methods [99, 100],
for instance, approximate material behavior by solving numerical solutions to differential
equations and predicts materials properties under various conditions. This technique is
particularly useful for capturing macroscopic material responses as the model relies on
continuum mechanics. Thus, it falls short of atomic-level precision and its accuracy in
nanoscale contexts is limited. Discrete dislocation dynamics methods [40–44], another
commonly used approach, model dislocations and their interactions but remain limited
in atomic resolution. Discrete dislocation dynamics can effectively simulate dislocation
behaviors within crystal structures, though it still cannot capture individual atomic move-
ments or the effects of atomic-scale irregularities.

In contrast, molecular dynamics simulations can offer insights into dislocation dynam-
ics at an atomic scale by using interatomic potentials carefully tuned for nanomechanical
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applications [32–39]. This atomic-level modeling capability allows molecular dynamics
to reveal detailed behaviors in materials under stress, such as dislocation nucleation and
propagation [101–104]. Despite the higher computational costs, molecular dynamics’s pre-
cision makes it indispensable for studying nanoscale mechanical properties and behaviors
and bridges the gap left by finite element methods and discrete dislocation dynamics. To-
gether, these methods complement one another and provide a multi-scale view of material
behavior under various conditions.

Over the past five years, numerous data-driven models, leveraging machine learning,
have been developed to create interatomic force fields. Among the earliest of these models
are potentials based on Behler-Parrinello symmetry functions [93–97], Smooth Overlap
of Atomic Positions (SOAP) [105–111], and moment tensor potentials [112–116]. These
atomic-scale descriptor frameworks have been used alongside Gaussian processes and neu-
ral networks and allow models to learn a material’s potential energy surface directly from
quantum-accurate data, such as density functional theory calculations. These methods
are exceptionally powerful and accurate in supporting multi-scale modeling of materials at
scales beyond traditional first-principle calculations. Thus, these models could simulate
systems of thousands of atoms for diverse applications.

The next generation of these methods is built upon atomic cluster expansion potentials
[117], initially introduced by Drautz [118]. Using this formalism, several highly accurate
interatomic potentials have been developed [119]. Additionally, a high- performance C++
implementation of atomic cluster expansion has been created to support large-scale sim-
ulations with improved efficiency [120]. Variants of atomic cluster expansion include the
Message Passing Graph Neural Networks (MACE) [121–123] and the Graph Atomic Clus-
ter Expansion for Semilocal Interactions beyond Equivariant Message Passing (GRACE)
[124]. MACE, in particular, utilizes neural networks with Euclidean symmetry and is one
of the most accurate models available for molecular dynamics simulations at near-quantum
accuracy.

In addition to the models discussed above, active learning techniques have been em-
ployed to improve the development of interatomic potentials [109, 125, 126]. These tech-
niques operate by assessing uncertainties in a sparse Gaussian process kernel and ca-
pacitates the on-the-fly selection of configurations during ab-initio molecular dynamics
simulations. By focusing on configurations with high uncertainty, these methods ensure
that the training dataset captures a comprehensive range of the potential energy surface,
which is crucial for constructing accurate interatomic potentials [127]. This approach has
proven effective across various materials science applications. Furthermore, active learn-
ing facilitates the efficient generation of training data and reduces computational cost and
improves the robustness of the resulting potential models [128].

Several studies on machine learning force fields in the context of defects in crystalline
materials is done up to date. Study of smaller scale defects such as point defects and
maybe their dynamics are straight forward with density functional theory accuracy as the
dimension of supercell needed does not exceed a few hundred of atoms [129–132]. However,
for bigger dimensional defects such as interfaces, grain boundaries an dislocations, larger
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scale simulation with density functional theory accuracy is desired [133–136]. Several
types of defects are studied for crystalline defects ranging from point defects such as
vacancies and self-interestitials, grain boundaries, dislocations, stacking faults, surfaces
and solidliquid interfaces with machine learning interatomic potentials. Also, a variety of
methods such as gaussian approximation potentials, moment tensor potentials and neural
network interatomic potentials were employed for these studies.

For machine learning force fields to accurately model dislocations, it is essential that
they first capture the correct elastic properties of materials. This is because plastic
deformation due to dislocations is largely governed by their long-range elastic fields [1,
2]. machine learning force fields have consistently demonstrated impressive accuracy in
predicting elastic properties, matching the precision of density functional theory and
experimental data. However, while crucial, elastic accuracy alone does not make an
machine learning force fields ideal for modeling dislocations [32].

A critical aspect in dislocation modeling is the accurate representation of dislocation
cores regions in a machine learning force fields training dataset, where atoms deviate from
the lattice structure over a few lattice spacings [32, 137]. These configurations are chal-
lenging to investigate through density functional theory due to the large supercell sizes
and complex periodic boundary conditions. Instead, generalized stacking fault configu-
rations, which exhibit similar properties to dislocation cores, can be included in machine
learning force fields training datasets to improve model reliability for dislocations [138].
machine learning force fields excel over many classical force fields by accurately predict-
ing generalized stacking fault energies and Peierls stress. These properties are critical
for modeling dislocation behavior and defects in materials. This capability makes ma-
chine learning force fields a strong choice for simulating dislocation dynamics and defect
properties in diverse crystalline materials [139].

As shown elsewhere [110], although GSF configurations can greatly aid in model-
ing dislocations in metals, including the actual dislocation core structure in the training
dataset can yield even more accurate results. This may be feasible for body-centered
cubic materials since their dislocation cores are non-degenerate, meaning they do not
typically split into two partial dislocations. Consequently, their dimensionality is man-
ageable enough to be captured through density functional theory calculations. However,
dislocations also exhibit varied properties depending on their line length. For instance,
in body-centered cubic materials, dislocation propagation often occurs through the move-
ment of kink formations [140]. Incorporating kinked crystal configurations into machine
learning force fields training datasets remains challenging due to the larger length scale
required. Despite these challenges, studies so far demonstrate that machine learning force
fields provide valuable insights into dislocation behavior, even though further investigation
is necessary to refine their accuracy in this complex area.

Finally, it is essential to note that developing machine learning force fields for face-
centered cubic and hexagonal close-packed materials presents greater challenges than for
body-centered cubic materials. This is due to the dislocation core being degenerate and
often splitting into two partial dislocations with a more energetically favorable state.
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In addition, these materials contain a larger number of unique dislocation slip systems.
However, advanced machine learning force fields development methods, such as active
learning, using frameworks like FLARE [126], offer promising approaches for tackling
these complexities.

In summary, computational methods in materials science, particularly in modeling
complex defects in crystals, are advancing rapidly and they offer unprecedented accuracy
and predictive power. The development of machine learning force fields has significantly
improved our ability to simulate atomic-scale phenomena, including dislocation behavior,
stacking fault energies, and cross-slip, with near-quantum accuracy across larger length
scales. As these models continue to evolve, they offer the ability to bridge the gap be-
tween quantum-level simulations and macroscopic materials properties. Ultimately, these
methods could expand the applications of computational materials science to real-world
engineering challenges.

12



Aims and thesis

The thesis builds upon the following studies from the selected published work:

i. Investigation of Extended Dislocation Dynamics: Explores the behavior of
dislocations in multi-component alloys with and without chemical short-range order-
ing, using molecular dynamics and Monte Carlo simulations with various classical
interatomic potentials.

ii. Development of neural network interatomic potentials: Focuses on evalu-
ating existing machine learning force fields designed for dislocations and creating
neural network interatomic potentials for capturing dislocation dynamics in crys-
talline materials.

iii. Dwell Nano-Indentation in Multi-Component Alloys: Examines nano-indentation
phenomena through molecular dynamics and Monte Carlo simulations, focusing on
the capabilities of interatomic potentials to influence short range ordering.

In more detail, the thesis addresses the following key points:

• Interatomic potentials found in the literature are highly diverse and often show
varying properties for the same material.

• For NiCoCr medium entropy alloys, some potentials exhibit short range ordering
that aligns with experimental data, while others show a random distribution of the
constituent atoms.

• These variations in interatomic potentials influence the mechanical properties and
dislocation dynamics predicted by computational methods.

• Further studies indicate that using the correct interatomic potentials in dwell nano-
indentation simulations can manipulate the underlying short range ordering in NiC-
oCr alloys and facilitates experimental measurements.

• This body of work emphasizes the significant role of interatomic potentials in atom-
istic simulations involving dislocation dynamics in nanomechanics and the impor-
tance of developing accurate potentials for nanomechanical applications in crys-
talline materials.
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• Even in single-element materials like tungsten, classical interatomic potentials pro-
duce varied results in nano-mechanical simulations, demonstrating inconsistencies.

• The thesis proposes effective methods for developing interatomic potentials tailored
to nano-mechanical simulations and ensures better coverage of dislocation dynamics
representation and the associated energy landscape.

Aligned with the objectives of this research, I have formulated the following central
thesis:

Computational material science methods are critical in determining the
accuracy of atomistic simulations, particularly in predicting dislocation dy-
namics in multi-component alloys and single-element materials. By effec-
tively leveraging computational tools, such as interatomic potentials, one
can improve the predictive power of molecular dynamics methods for dislo-
cations modeling. My work centers on enhancing the utilization of existing
interatomic potentials and development of machine learning potentials to
more accurately capture dislocation dynamics in a manner that aligns with
experimental results and hence facilitates materials design.

14



Methodology

This chapter presents the comprehensive methodologies employed to investigate the dislo-
cation dynamics and mechanical properties of NiCoCr alloys, along with the development
of neural network interatomic potentials (NNIPs) for single element crystals. I begin
by exploring dislocation dynamics simulations, which utilizes molecular dynamics (MD)
and hybrid molecular dynamics-Monte Carlo (MD-MC) techniques for the annealing of
NiCoCr alloys. The focus then shifts to nano-indentation simulations, where I explain
the MD setup and the specific approach taken for dwell nano-indentation experiments
tailored to NiCoCr materials. Finally, I discuss the development of NNIPs, including the
use of Behler-Parrinello descriptors, strategies for neural network training, the creation of
datasets through density functional theory (DFT), and methods for similarity measure-
ment. Each section is designed to provide a clear understanding of the techniques and
parameters that underpin this thesis.

4.1 Dislocation Dynamics in NiCoCr Alloys

4.1.1 MD Setup and Dislocation Dynamics Simulations

The investigation of edge dislocation dynamics was conducted in both the presence and
absence of chemical short-range ordering (CSRO). MD simulations were performed using
LAMMPS [141], focusing on atomistic models of sizes ranging from 500,000 to 1,700,000
atoms, all contained within three-dimensional periodic cells. To explore the properties
of CSRO without the influence of dislocations, cubic samples with dimensions of 10 nm
along the x[100], y[010], and z[001] axes were constructed.

Simulations were carried out under the NPT ensemble and utilized a Nose-Hoover
thermostat and barostat with relaxation times set to τtherm = 10 fs for thermal control
and τbar = 100 fs for pressure stabilization and the discretization time was fixed at ∆t =

1.0 fs. Initial configurations were achieved through energy minimization at T = 0K at
a constant volume and then equilibration of the sample at varying temperatures at a
constant pressure of P = 0 bar.

Two commonly employed embedded-atom method (EAM) potentials were utilized for
modeling interatomic forces within the context of NiCoCr solid solution alloys. The
first potential, known as the Li-Sheng-Ma potential [142], has been integral in recent
studies addressing SRO phenomena, dislocation nucleation, glide dynamics [143, 144],
and nanoindentation tests [145]. The second potential, the EAM FarkasCaro potential
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Figure 4.1: A schematic of the shear setup, illustrating the partial dislocations, is provided.
Periodic boundary conditions are applied along both the dislocation lines and the glide
direction (in the x and z dimensions, respectively), while fixed boundaries are enforced
along the y direction using rigid slabs (shown in gray). During shearing, atoms in the
bottom surface remain fixed (with zero displacement), while shear stress σ is applied to
the rigid top plane.

[146], was originally designed for high-entropy FeNiCoCrCu alloys and was leveraged here
to confirm the consistency of SRO formation across different potential frameworks.

In addition to the SRO analysis, the dynamics of a edge dislocations were explored.
This dislocation undergoes dissociation into two partial dislocations with an accompanying
stacking fault when subjected to external perturbations in face-centered cubic (FCC)
crystals. For this study, a simulation cell was constructed with dimensions Lx = 80 nm,
Ly = 20 nm, and Lz = 15 nm, as illustrated in Fig. 4.1. The alloy was annealed at a
specified temperature Ta, followed by equilibration at a low temperature of T = 5 K and
zero pressure (P = 0 bar) for 100 ps.

To effectively introduce the edge dislocation into the aged sample, the periodic array
of dislocation model, as proposed in Ref. [147], was implemented to ensure proper pe-
riodicity along the Burgers vector x[110] and the dislocation line z[11̄2]. Following this,
the dislocated sample underwent further relaxation using the NPT framework with Pxx

= Pzz = 0 at T = 5 K for an additional 100 ps, leading to the dislocation’s dissociation
into two Shockley partials.

To assess the effects of local lattice distortion and CSRO on yield properties, shear
tests were executed at T = 5, K. These tests were conducted in a stress-controlled
manner within the NVT ensemble, where additional forces were applied to the top surface
(normal to the y direction), while the bottom layer, approximately 4 Å thick, was held
fixed. The applied stress was gradually increased from σ = 50 MPa in a quasi-static
manner, surpassing the critical depinning stress to facilitate the movement of the partial
dislocations.

4.1.2 Hybrid Molecular Dynamics - Monte Carlo Simulations

To obtain the annealed configurations, hybrid MD-MC simulations, specifically using the
variance constrained semigrand-canonical (VCSGC) ensemble [148] were employed. This
method was implemented across an annealing temperature range of Ta = 400K to 1300K.
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Figure 4.2: Chemical potential differences for a) Ni-Co and b) Ni-Cr pairs used for variance
constrained semi-grand canonical (VCSGC) ensemble.

The combination of MD and MC facilitates further relaxation of the system, effectively
overcoming the extended relaxation times associated with purely MD simulations.

To determine the chemical potential differences, composition errors were minimized by
conducting a series of semi-grand-canonical simulations at a temperature of T = 1500K.
The chemical potential difference between two species, represented as ∆µX1X2 = µX1−µX2 ,
was calculated based on the equation:

µ(X1, P, T ) = T ln
(

X1

1−X1

)
+

n∑
i=0

AiX
i
1 (4.1)

where X1 denotes the reference element (in this case, Ni) and Ai are the fitting pa-
rameters derived from the simulations (see Fig. 4.2).

The hybrid MD-MC approach employed a fixed target composition throughout the
annealing process. During the MC steps, one complete cycle comprising N/2 attempts
of atomic transmutation in every 20 MD steps was conducted. This enables the effective
interchange of species to achieve a more thermodynamically stable configuration. In total,
800, 000 MC cycles at all annealing temperatures were performed to ensure that the system
reached thermal equilibrium. This extensive sampling enabled the structures to achieve
statistical independence in terms of the CSRO characteristics being investigated.

4.2 Nano-indentation Simulations

4.2.1 Simulation Setup and Boundary Conditions

To simulate the nanoindentation process and accurately capture the deformation behavior
of materials in this thesis, specific boundary conditions were meticulously designed (Fig.
4.3). The sample was divided into three distinct regions along the z-axis. First, a frozen
section, covering approximately 0.02×dz, was established at the base to ensure numerical
stability during the indentation process. Here, dz is the hight of the sample. Above this, a
thermostatic region, approximately 0.08×dz, was included to dissipate the heat generated
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during nanoindentation. This region maintains the thermal equilibrium during the nano-
indentation simulations [149, 150]. The primary deformation occur in the dynamic atoms
section, where interactions between the rigid indenter tip and the sample surface alters
the atomic structure of the material and results in plastic deformation.

Figure 4.3: Schematic of the typical setup for MD simulations of nanoindentation. The
sample is divided into three distinct regions to account for boundary conditions, and a
non-atomic repulsive spherical indenter is employed [150].

A vacuum region of 5 nm was added above the surface to simulate an open bound-
ary. This region prevents stress reflections and allows realistic surface deformation. This
open boundary condition ensures that the indentation could proceed without artificial
constraints on the samples surface response [150]. A schematic of the simulation setup is
illustrated in Fig. 4.3.

The indenter tip was represented as a repulsive imaginary (RI) rigid sphere, modeled
to interact with the surface using the following force potential:

F (t) = K(~r(t)−R)2 (4.2)

where K = 236 eV/Å3, equal to 37.8 GPa, is the force constant, while ~r(t) represented
the position of the indenter’s center over time, and R = 3 nm is the radius of the indenter
tip.

Following the equilibration of the sample at a intended temperature within a NPT
ensemble, nanoindentation simulations are performed within the NVE ensemble. This
ensures that the number of atoms, system volume, and energy remains constant through-
out the simulation. The velocity Verlet algorithm is applied for time integration and
enables accurate position and velocity updates for all atoms. Periodic boundary condi-
tions were imposed along the x- and y-axes to mimic an infinite surface, while a fixed
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boundary was applied at the base of the z-axis, with the top surface free to deform. The
chosen parameters guarantees that the nanoindentation process could be simulated under
realistic experimental conditions [150].

In these simulations, the trajectory of the indenter tip is expressed as:

~r(t) = x0x̂+ y0ŷ + (z0 ± vt)ẑ (4.3)

where x0 and y0 represented the coordinates of the center of the sample surface on the
xy plane. Also, z0 defined the initial gap between the indenter and the sample surface.
The indenter tip velocity and the time step in nanoindentation simulations are set to
v = 20 m/s and ∆t = 1 fs, respectively.

4.2.2 Nanomechanical Response Measurements

The elastic behavior of the material during the initial loading process of nano-indentation
is assessed using a Hertzian contact model, which defines the elastic load PH as a func-
tion of the contact between a spherical indenter and a flat surface. This relationship is
characterized by the following equation [149, 151]:

PH =
4

3
EHertzR

1/2h3/2 (4.4)

Here, R is the radius of the indenter, h is the depth of indentation, and EHertz represents
the effective Young’s modulus of the material in the contact region. The Hertzian contact
model assumes purely elastic behavior without any plastic deformation. This analysis
helps the analysis of the mechanical response of the material in the elastic region.

In addition to PH, the contact pressure P at the indenter interface is computed based
on linear elastic contact mechanics, which is expressed as [152]:

P = 2π

[
24p

(
EYR

1− ν2

)2
]1/3

(4.5)

In this equation, EY denotes the Young’s modulus of the material, p refers to the
applied load during the simulation, R is the radius of the indenter, and ν represents
Poisson’s ratio. The contact radius, a(h), is then obtained using a geometric relationship
that connects the indentation depth to the size of the contact area. This radius is given
by [152]:

a(h) =
[
3PR(1− ν2)

8EY

]1/3
(4.6)

The contact radius a(h) corresponds to the region at the interface where plastic defor-
mation initiates and defects such as dislocations nucleate [152]. The relationship between
the applied pressure and the contact radius is essential for understanding the material’s
resistance to indentation-induced plasticity. In particular, it provides insight into how far
the material can withstand applied stress before yielding occurs.

19



A universal linear relationship between P/EY and a(h)/Ri is found, which is expressed
as:

P

EY
=

0.844

1− ν2

a(h)

Ri

(4.7)

where a(h)/Ri can be considered a dimensionless measure of the nanoindentation
strain, a parameter that quantifies how the material deforms elastically and plastically
under load. This provides a key insight into how different materials, particularly those
with varying elastic moduli, respond to contact forces during nanoindentation experi-
ments.

To investigate the material’s mechanical stability and strength under compressive
stress, the principal stress component in the z-direction (σzz) was calculated as follows
[153]:

σzz = −S
[(

1− arctan(α)
α

)
(1 + ν)− 1

2(1 + 1/α2)

]
(4.8)

The parameters S and α are defined as:

S =
3Pave

2πa(h)2
, α =

a(h)
h

(4.9)

This expression for σzz accounts for both the applied pressure and the Poissons ratio
and provides a detailed understanding of how the material responds to compressive forces
applied normal to its surface.

The stress components parallel to the surface of the indented sample in the x and y

directions were calculated as:

σxx = σyy = − S
1 + 1/α2

(4.10)

These stresses represent the forces acting tangentially to the surface during inden-
tation, and they contribute to the nucleation and movement of dislocations within the
material.

The maximum shear stress τmax, which is responsible for initiating plastic deformation,
is evaluated using the difference between the principal stress components as:

τmax =
1

2
(σzz − σxx) (4.11)

This shear stress provides a critical measure of the materials strength, as it defines the
stress level at which the material begins to yield and plastically deform. The normalized
shear stress, when divided by the applied pressure, yields a dimensionless parameter
that characterizes the onset of plasticity as a function of the applied load. Finally, the
normalized depth at which maximum shear occurs is also an important factor, as it
indicates the location beneath the surface where dislocation nucleation is most likely to
begin, typically near the indenter contact zone.
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4.2.3 Defect Analysis

The identification and classification of defects formed during nanoindentation simulations
of body-centered cubic (BCC) crystals (as is the case in this thesis) are critical for un-
derstanding how a material responds to mechanical stress at the atomic level. For this
purpose, the BCC Defect Analysis (BDA) method developed by Möller and Biztek [154]
was employed. This method is chosen as simulation of BCC Molybdenum (Mo) and Tung-
sten (W) crystals are performed in this thesis. This comprehensive technique integrates
three powerful tools (coordination number (CN), centrosymmetry parameter (CSP), and
common neighbor analysis (CNA)) to detect and characterize common defects in BCC
crystal structures. These methods allow for the precise identification of defects, including
surfaces, vacancies, dislocations, and planar faults, which are essential for determining
how the material’s structure deforms under indentation.

The first step in defect analysis involves calculating the CN, CSP, and CNA values for
every atom within the simulated crystal. This is achieved by setting a cutoff radius of (1+√
2)/2a0, where a0 denotes the lattice constant of considered material. The chosen cutoff

ensures that the six next-nearest neighbors of a perfect BCC atom, typically present in the
crystal structure, fall within the defined radius. Under these conditions, the coordination
number of perfect BCC atoms increases from 8 to 14, effectively capturing any deviations
from the ideal structure. This change is vital in detecting structural imperfections or
regions where defects may arise.

Once the CN values have been established, the CSP is computed for each atom to
further assess local symmetry. The centrosymmetry parameter quantifies the deviation
from perfect BCC symmetry, with higher CSP values indicating atoms that have moved
away from their ideal lattice sites due to mechanical deformation.

After computing CN and CSP, common neighbor analysis (CNA) is applied to classify
the local atomic environments. CNA assigns each atom a structural identity based on its
bonding configuration with neighboring atoms. This method compares the local atomic
arrangement to a reference structure (in this case, the perfect BCC lattice). This allows
for atoms to be categorized based on their surrounding neighborhood. Atoms that do
not conform to the BCC structure (CNA 6= BCC) and have a CN 6= 14 are flagged as
potentially defective and require further classification.

4.3 Neural Network Interatomic Potentials
Recently, machine learning force fields (MLFFs) trained on first-principles data have
gained popularity due to their ability to achieve near-quantum accuracy. These methods
employ atomic-level descriptor features to predict energies, forces, and stresses. While
these approaches are reliable, it is crucial to carefully construct the training dataset to
ensure that the model parameters encompass the energetic landscape required for large-
scale simulations. This thesis will describe the NNIP developed in this work, along with
an explanation of the descriptor model employed. Additionally, the thesis will detail
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how these descriptors are used to develop a similarity measurement method that aids in
creating reliable datasets for targeted simulations.

4.3.1 Behler-Parrinello Descriptors

In this investigation, the interatomic potential is constructed using PANNA (Proper-
ties from Artificial Neural Network Architectures) [155, 156]. This innovative framework
employs Tensorflow [157] to facilitate the training and evaluation of fully-connected feed-
forward NNIPs. A modified version of the Behler-Parrinello (mBP) descriptors [93, 158]
is specifically selected to accurately represent the atomic environments essential for sim-
ulating the interactions within materials.

The mBP representation generates a fixed-size vector, referred to as the G-vector, for
each atom in a given configuration within the dataset. Each G-vector encapsulates the
surrounding atomic environment of the corresponding atom up to a specified cutoff radius
Rc. While a higher-dimensional G-vector can lead to a more precise approximation of the
potential energy surface, it also incurs a significant increase in computational cost during
MD simulations.

To effectively calculate the G-vectors, the radial and angular components are derived
from the distances Rij and Rik between atom i and its neighboring atoms j and k, as well
as the angle θijk formed by those distances. The mathematical expressions for the radial
and angular G-vectors are given by:

Grad
i [s] =

∑
i 6=j

e−η(Rij−Rs)2fc(Rij), (4.12)

Gang
i [s] = 21−ζ

∑
j,k 6=i

[1 + cos(θijk − θs)]
ζ

× e−η[ 1
2
(Rij+Rik)−Rs]2fc(Rij)fc(Rik).

(4.13)

The smooth cutoff function, which defines the range of interaction, is expressed as:

fc(Rij) =


1
2

[
cos

(
πRij

Rc

)
+ 1

]
, Rij ≤ Rc

0, Rij > Rc

(4.14)

Here, the parameters η, ζ, θs, and Rs are distinct for the radial and angular compo-
nents, providing flexibility in modeling the local atomic environments. The choice of Rc

was made to encompass the first three nearest neighbors in BCC Mo, where the lattice
constant is a = 3.17 Å, making the distance to the third nearest neighbor approximately
a×

√
2 = 4.48 Å.

For a single-element system, the total length of the G-vector can be formulated as
follows:

|Gi[s]| = (Rang
s × θs) +Rrad

s , (4.15)
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This results in a G-vector length of 152, as outlined in Table 4.1. The specific param-
eters selected for this study are crucial for ensuring that the NNIPs accurately capture
the interatomic interactions while maintaining computational efficiency.

Descriptor parameter Symbol Value
Radial component:
Radial exponent (Å−2) ηrad 32
cutoff (Å) Rrad

c 5
Number of Rs radial Rrad

s 24
Angular component:
Radial exponent (Å−2) ηang 16
cutoff (Å) Rang

c 5
Number of Rs angular Rang

s 8
Angular exponent ζ 128
Number of θs θs 16

Table 4.1: Values of the parameters that appear in the definition of the radial and angular
G-vectors, Eq.s (4.12), (4.13), (4.14). Where a number of components is given, the values
are equispaced.

4.3.2 Similarity Measurement

A distance-based criterion, inspired by methodologies described in [111, 159] is employed,
to quantitatively assess the similarity between two distinct atomic configurations. This
approach is further generalized to evaluate how closely two datasets correspond to one
another.

To illustrate this method, lets consider two configurations, designated as α and β,
which contain n and m atoms per supercell, respectively. For these two configurations, a
distance matrix is constructed, which is denoted as Dαβ, that has dimensions of n ×m.
Each entry in this matrix represents the Euclidean distance between atom i in configura-
tion α and atom j in configuration β, formulated as follows:

Dαβ
i,j = ‖Gα

i [s]−Gβ
j [s]‖2, (4.16)

where i ranges over {1, 2, . . . , n} and j ranges over {1, 2, . . . ,m}. Each vector G[s] is
a 152-dimensional representation, as previously discussed.

With this distance matrix established, one can determine the minimum distance from
each atom i in configuration α to any atom j in configuration β. A similarity measure from
α to β as the maximum of these minimum distances is defined, expressed mathematically
as:

Dαβ = max
i

min
j

Dαβ
i,j . (4.17)

It is important to note that this derived quantity, Dαβ, does not satisfy the properties
of a conventional distance metric; rather, it is a non-symmetric measure that serves as
the "similarity measure" in this thesis.
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Moreover, one can utilize this similarity measure to explore innovative configurations,
especially concerning the scenario of an indented supercell. For example, by computing
the average of all Dαβ values between atoms from two distinct datasets or configuration
types, an indication of the degree of (dis)similarity between these datasets is obtained.
This approach can be similarly applied to assess how closely a dataset aligns with a target
simulation, which, in this thesis, is represented by an indented sample.

4.3.3 Neural Network Training

Within the PANNA framework, environmental descriptors corresponding to each atom
serve as inputs to a fully connected neural network architecture. This architecture com-
prises two hidden layers, featuring 256 and 128 nodes in the first and second layers,
respectively. Both hidden layers employ a Gaussian activation function, while the out-
put layer consists of a single node with linear activation. The atomic environment is
encapsulated in a descriptor vector comprising 152 components, resulting in a network
characterized by a total of 71,808 weights and 385 biases.

For the training process, a batch size of 10 is utilized, with the model initialized
using random weights. A constant learning rate of 10−4 is maintained throughout the
training iterations. The energy of a configuration containing N atoms is articulated as
the summation of individual atomic energy contributions:

E =
N∑
i=1

Ei(Gi), (4.18)

where Ei denotes the energy associated with atom i characterized by its corresponding
G-vector Gi.

The force acting on atom i, located at position ~Ri, can be expressed as:

~Fi = −
∑
j

∑
µ

∂Ej

∂Gjµ

∂Gjµ

∂ ~Ri

(4.19)

where j identifies the atoms within the cutoff distance from atom i, and µ indexes the
components of the descriptor.

To optimize the networks weight and bias parameters, the Adam optimization al-
gorithm [160] is employed to calculate gradients from randomly chosen batches of the
training dataset. The loss function, denoted as L(W ), is designed to facilitate the opti-
mization of the network weights W and comprises two components: one addressing the
energy, LE(W ), and the other concerning the forces, LF (W ):

L(W ) = LE(W ) + LF (W ). (4.20)

The energy contribution is computed as follows:

LE(W ) =
∑

s∈batch

[
EDFT

s − Es(W )
]2 (4.21)
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where s indicates the atomic configuration, EDFT
s represents the total energy derived from

DFT (the target value), and Es(W ) is the predicted total energy from the NNIP.
The force contribution is expressed as:

LF (W ) = λF

∑
s∈batch

Ns∑
i=1

∣∣∣~FDFT
i;s − ~Fi;s(W )

∣∣∣2 (4.22)

where ~FDFT
i;s denotes the force derived from DFT, and ~Fi;s indicates the force obtained

from the NNIP for atom i in configuration s. Here, Ns denotes the total number of atoms
present in configuration s. The parameter λF modulates the relative influence of the force
component, and in this case, it is set to λF = 0.5.

4.3.4 Dataset Creation with Density Functional Theory

The DFT calculations were carried out using the Quantum Espresso package [161, 162].
To ensure accurate representation of the electronic structure, the norm-conserving PBEsol
exchange-correlation functional was employed [163–165], which is particularly well-suited
for solid-state calculations. A total of 14 valence electrons were considered for Mo.

The Brillouin zone was sampled using the Monkhorst-Pack method [166], which divides
the reciprocal space into a grid of k-points for integration. Based on a thorough conver-
gence analysis, the k-point mesh for the Mo unit-cell was determined to be 8 × 8 × 8,
while the plane-wave cutoff energy was set at 60 Ry. These parameters were carefully
chosen to balance computational efficiency and accuracy. For supercell calculations, the
k-point grid was appropriately scaled according to the size of the supercell. For instance,
a 2×2×2 grid was used for 4×4×4 conventional supercells, and for larger configurations,
the grid was reduced to 1× 1× 1 to maintain consistency across different scales.

To aid in the convergence of the calculations, the Methfessel-Paxton smearing tech-
nique [167] was applied, using a smearing width of 0.00735 Ry (equivalent to 0.1 eV).
This approach helps smooth out discontinuities in the electron occupancy near the Fermi
level, particularly useful for metals like Mo, improving both the numerical stability and
the accuracy of the energy calculations.
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Overview of Results

In this chapter, an overview of the entire thesis is presented in a coherent and structured
manner. The results are organized to demonstrate the significant impact of interatomic
potentials on dislocation dynamics studies and to illustrate how a well-constructed inter-
atomic potential can enhance the understanding of crystalline materials.

The order of this chapter is as follows: First, discrepancies in interatomic potentials for
nano-mechanical applications in single-element metals like W and Mo are discussed. Sig-
nificant errors and inconsistencies are observed in empirical interatomic potentials when
modeling processes like dislocation dynamics, generalized stacking fault energy (GSFE),
and other dislocation-related phenomena. This highlights the necessity for advanced
methods to develop interatomic potentials with quantum-level accuracy for modeling dis-
location dynamics. Next, the focus shifts to the development of accurate interatomic
potentials for Mo, demonstrating their utility in studying nano-mechanical properties
such as dislocation dynamics and surface interactions.

Subsequently, the study examines the interplay of dislocation dynamics and CSRO in
NiCoCr alloys, emphasizing the importance of accurate interatomic potentials for captur-
ing nanoscale ordering. The mechanical properties of these materials, including dislocation
dynamics, are analyzed in relation to CSRO. Finally, the manipulation and reorganiza-
tion of CSRO through dwell nano-indentation techniques are explored, showcasing how
advanced interatomic potentials enable a deeper understanding of these phenomena. A
novel method based on distance measurements is also proposed to guide the development
of NNIPs for targeted simulations.

5.1 The Role of Interatomic Potentials in Dislocation
Dynamics of Tungsten

Understanding dislocation dynamics in nano-mechanical simulations and ensuring they
align with experimental data requires advanced modeling techniques. This thesis inves-
tigates the nano-indentation of tungsten and explores how various interatomic potentials
influence dislocation plasticity. Specifically, the early stages of the elastic-to-plastic tran-
sition at different temperatures are examined. The study evaluates the performance of
EAM [168, 169], modified (MEAM) [170], analytic bond-order potential (ABOP) [171],
and MLFFs (tabGAP) [172] in modeling tungstens response to nano-indentation. It high-
lights how these different potentials affect dislocation nucleation and the formation of the

26



plastic zone beneath the indenter tip. While each potential exhibits distinct mechanisms
for dislocation nucleation and dynamics during loading, particularly at elevated temper-
atures, tabGAP demonstrates better agreement with both DFT [168] and experimental
results [173, 174], making it the most accurate in capturing the behavior of tungsten
during nano-mechanical processes.

Figure 5.1: Generalized stacking fault energies for 〈111〉{110} in (a) and 〈100〉{011} in
(b), calculated using various methods. The 〈111〉{110} data are compared with DFT
results from [168].

One of the most critical factors to consider when evaluating the accuracy of interatomic
potentials for dislocation modeling is their ability to reliably capture static dislocation-
related properties, such as GSFE. Fig. 5.1 presents the GSFE for two slip systems,
〈111〉{110} and 〈100〉{011} , calculated using various MD potentials. These results are
compared with DFT [168] data, demonstrating that while most potentials provide rea-
sonable estimates, the EAM/ZBL [169] potentials tend to underestimate stacking fault
energies. This underestimation explains their failure to predict the formation of twinned
regions. In contrast, tabGAP [172] and MEAM [170] potentials show strong agreement
with DFT results, making them more reliable for modeling dislocation glide energies and
plasticity in tungsten.

Experimental images and measurements from transmission electron microscopy (TEM)
and scanning electron microscopy (SEM) can be directly compared to simulation results,
making the nucleation and dynamics of dislocations in nano-mechanical applications, such
as nano-indentation, critically important. For example, in nano-indentation simulations,
strain maps on the surface and beneath the indenter tip can be compared with SEM and
TEM images. These strain maps are directly connected to the nucleation and propagation
of the dislocations inside the material during the nano-indentation. Fig. 5.2 shows the
nucleation and evolution of dislocations at the maximum indentation depth for W, with
results obtained from different methods at both 77 K and 300 K. The figure highlights
the formation of shear dislocation loops during loading, which play a crucial role in the
transition from elastic to plastic deformation. In BCC materials, prismatic loops evolve
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Figure 5.2: Nano-indentation induced dislocation nucleation and dynamics in W with
different interatomic potentials at two different temperatures.

as shear loops propagate along 〈111〉 slip directions, with limited cross-slip. This visu-
alization demonstrates that tabGAP provides the most accurate representation of these
mechanisms, and it closely matches experimental observations [173, 174].

The accuracy of tabGAP as a MLFF, developed based on DFT data, suggests that ma-
chine learning methods could benefit dislocation dynamics modeling in material science.
A detailed explanation of this study, including the analysis of indentation elastic modulus,
twinning mechanisms, pileup patterns, dislocation densities, and other key aspects, can
be found in [149].

5.2 NNIPs for Modeling of Dislocation Dynamics
As demonstrated in the previous study on W, MLFFs based on first-principles data can
achieve near-quantum accuracy in capturing the energetics of dislocations. Consequently,
this thesis focuses on designing a dataset for the nano-mechanical application of Mo single
crystals, along with the further development of a NNIP and its validation.

Initially, an EAM potential [175] was employed to obtain indented configurations of Mo
samples. Additionally, a dataset from the literature [176] was utilized alongside similarity
measurement techniques (described in the methodology section) to assess the “closeness”
of the dataset to the indented samples. This measure of “closeness” is crucial for ensuring
that the final NNIP effectively captures the energetics of atoms in the sample, from
dislocation cores to surface atoms, enabling comparisons of strain images with scanning
electron microscopy experimental measurements.

In Fig. 5.3, the average minimum distances between different configuration types
are illustrated and also highlights their proximity to the configurations of the indented
sample. This measurement is essential for verifying that the dataset adequately represents
the critical atomic environments of interest, particularly those located at the indenter tip
and dislocation cores.

Further investigations, as detailed in [32], indicate that the dataset requires enhance-
ments for atoms located at the dislocation cores, surface atoms, and atoms under the
indenter tip. For each of these regions, novel configurations were incorporated into the
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Figure 5.3: Average of minimum distances between different configuration types as well
as with the indented samples.

dataset that are in close proximity to the desired atoms. For instance, in Fig. 5.4, it is
shown that the distances (color-coded for each atom) are initially high; however, after
adding GSFE configurations with a dumbbell self-interstitial, the distances to the atoms
on the dislocation core decrease. Consequently, DFT energies derived from these configu-
rations align with the energetics of the atoms in the dislocation core and makes the final
NNIP suitable for nano-mechanical applications.

The first validation of the trained NNIP focuses on comparing its GSFE predictions
with those obtained from DFT. Fig. 5.5 presents the results for Mo in the two most
critical slip planes: the {110}〈111〉 and {121}〈111〉 families, where NNIP is compared
against DFT, along with EAM [175], GAP [176], and TabGAP potentials [172]. Since
the {110}〈111〉 GSF configurations with a 〈111〉 dumbbell interstitial are key for accu-
rately capturing the energetics of dislocations, the GSFE for these configurations was also
examined.

Fig. 5.5 demonstrates that all potentials predict the GSFE with high accuracy for both
slip systems and pure crystals. However, the EAM/FS potential exhibits significant errors,
about 50% for the {110}〈111〉 slip family and 32% for the {121}〈111〉 family, particularly
at the peak of the GSFE curve. These configurations are critical as they represent the
atomic arrangements on the slip plane of an indented sample, as shown and explained in
Fig. 5.4. While accurate GSFE prediction is essential for reliable dislocation modeling, it
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Figure 5.4: The influence of incorporating GSFE configurations on the atomic distances
in dislocation cores from the dataset. (a) Schematic illustration of GSFE configurations
integrated into the dataset. (b) The inclusion of GSFE configurations leads to a reduction
in the distances of atoms located on the slip plane of dislocation cores. (c) Adding a self-
interstitial atom to the surface of GSFCs allows for comprehensive coverage of all atoms
within the dislocation cores. (d) The distribution of atomic distances in dislocation
cores indicates that GSFE configurations with the self-interstitial atom can effectively
encompass the dislocation cores.

is equally important for a potential to accurately capture the energies and forces within
dislocation cores. To address this, I also calculated the GSFE curve for configurations
containing a 〈111〉 dumbbell interstitial on the surface. As illustrated in Fig. 5.5(c), NNIP
is the most accurate in predicting these energies, indicating its reliability in simulating
dislocation dynamics during nanoindentation. In contrast, the GAP and EAM potentials
exhibited errors of 40%, and TabGAP showed a 20% deviation from DFT results. This
suggests their limitations in accurately predicting these configurations. This is discussed
further in the following section.

The elastic-to-plastic transition is crucial for comparing simulation results with ex-
perimental data. Accurate modeling of the elastic regimes energetics is essential for
interatomic potentials to capture material behavior during nanoindentation. In these
simulations, the forces between the indenter tip and the top atomic layers significantly
influence the material’s response. In Fig. 5.6, the normalized maximum shear stress
(τmax/P ), a dimensionless quantity, is presented as a function of displacement for three
main crystal orientations: [001], [011], and [111]. The calculation of this parameter is de-
tailed in the Methods section. Fig. 5.6 suggests that GAP simulations accurately capture
the interaction between the indenter tip and the top surface layers for the [001] and [011]
orientations, but they face limitations with the [111] orientation due to the absence of
relevant atomic configurations in the training data. This gap restricts the ability to model

Figure 5.5: GSFE for single-crystalline molybdenum: (a) for {110}〈111〉 and (b) for
{211}〈111〉. (c) GSFE curve for the configurations involving self-interstitial atoms.
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Figure 5.6: Hertzian calculation of the normalized maximum shear stress, τmax
P

, as a
function of normalized depth for the primary crystal orientations. Surface information
is essential in the interatomic potentials to accurately model nanoindentation-induced
plasticity within the range of 0.0 to 0.475d

a
. To facilitate the interpretation of the results,

the values for EAM/FS were adjusted by −0.1, those for GAP were adjusted by +0.2,
and the values for tabGAP were adjusted by +0.1 (all values expressed in units of τmax

P
).

nanoindentation before the yield point. In contrast, the NNIP simulations incorporate
detailed surface structure information. This accurate early-stage modeling is essential for
understanding the critical load for plasticity initiation, which NNIP predicts with a high
degree of consistency with experimental observations.

Accurate development of NNIPs makes it possible to compare surface pile-up patterns
in nanoindentation experiments with computational methods. In Fig. 5.7, a comparison is
made between the results from NNIP simulations and experimental observations obtained
through SEM coupled with EBSD [177]. The experiments involved indenting a (001)
Mo grain using a Berkovich tip, with the computational models incorporating the tip’s
roundness, which typically ranges from 50 to 100 nm, to facilitate an accurate comparison
during the initial stages of nanoindentation.

Upon evaluating the MD simulation results generated with various potentials against
the experimental data, it was found that the slip trace propagation along the [-110]
direction closely mirrors the four-folded rosette pattern captured by NNIP potentials.
Notably, the NNIP simulations excelled in depicting the formation of pile-ups at this
crystal orientation. In contrast, the TabGAP and EAM potentials displayed limitations in
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Figure 5.7: Slip traces and pileup of [001] molybdenum at the maximum indentation depth
for NNIP in (a), TabGAP in (c), and EAM in (d), compared to an experimental SEM
observation presented in Ref. [177] (b). The four-fold rosette is accurately represented by
NNIP, where the slip trace propagates along the [−110] and [1−10] planes, demonstrating
strong qualitative agreement with the experimental findings [177].

accurately representing the pile-up formation around the indenter tip. The insights drawn
from the results in Fig. 5.7 highlight the limitations of various interatomic potentials in
modeling plastic deformation mechanisms across different crystal orientations.

The developed NNIP in this thesis also captures the stages of dislocation nucleation
effectively. Fig. 5.8 presents the defects identified using the BCC Defect Analysis (BDA)
method [154] (see Methods) within a (111) Mo sample at varying depths. The nanoinden-
tation simulations conducted with NNIP during the early stages of loading significantly
improve the understanding of the interactions between the indenter tip and the surface
atoms (see Fig. 5.8(a)). In this scenario, several Mo atoms at the topmost surface layer
are classified as surface defects. Additionally, Mo atoms located just beneath these defects
start to merge, resulting in the formation of edge dislocations that may develop into shear
loops, a mechanism that remains unrecognized in simulations using other interatomic po-
tentials.

The NNIP simulations are expected to provide an accurate representation of the nu-
cleation and propagation of shear loops on {112} planes, which aligns with experimental
findings in BCC materials [152, 153]. Moreover, NNIP captures the nucleation of loops
through a lasso mechanism. This contrasts with the behavior observed in GAP and tab-
GAP simulations, where multiple loops form, as illustrated in Fig. 5.8(c) at a depth of
1.45 nm. At maximum indentation depth, the surface of the sample clearly shows that
displaced atoms align with the slip planes, forming a distinctive three-folded rosette pat-
tern typical of BCC materials in the (111) orientation (Fig. 5.8(d)), characterized by the
{ ¯112}, { ¯101}, and { ¯011} planes. In contrast, GAP, tabGAP, and EAM fail to accurately
represent this behavior, largely due to their insufficient modeling of pileup formations.

The differences in dislocation and loop nucleation across the various potentials can be
attributed to two key factors: (1) the predictions of the GSFE curve (Fig. 5.5(c)) differ
among the potentials, and (2) the indentation surface energy as a function of depth varies
across these potentials, which is explained in detail in [32].
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Figure 5.8: Defects identified in indented (111) molybdenum samples at various depths
using the BDA method with NNIP, EAM, TabGAP, and GAP approaches. Different
defect types are represented by specific colors: gray spheres indicate surface atoms in direct
contact with the indenter tip, blue spheres denote edge dislocations, light-blue spheres
mark atoms near vacancies, yellow spheres signify twin/screw dislocations, and black
spheres highlight unidentified defect atoms. Edge dislocations nucleate and propagate
along the {111} slip planes, eventually forming prismatic loops. Additionally, NNIP
simulations effectively model the characteristic three-fold symmetric rosette at depths
below 1.45 nm, formed by slip traces and pile-ups along the [111], [101], and [011] planes.

5.3 Dislocation Dynamics in Complex alloys
Equiatomic NiCoCr random solid solutions (RSS) have recently been shown through
both experiments and atomistic simulations to exhibit outstanding mechanical proper-
ties [142]. However, the underlying microstructural mechanisms responsible for these
properties remain under debate [86, 90, 178]. A potential explanation involves the pres-
ence of nanometer-scale SRO, which emerges from specific thermal treatments and has
significant effects on dislocation pinning and stacking fault widths. In the first part of
this section, two distinct interatomic potentials, alongside sample annealing at different
temperatures, are compared to demonstrate how they influence the formation of SRO in
NiCoCr alloys.

The two potentials studied are the Li-Sheng-Ma (LSM) potential [142] and the Farkas-
Caro (FC) potential [146]. The LSM potential leads to pronounced SRO during aging,
while the FC potential, under identical thermal conditions, produces a chemical/structural
state that closely resembles a RSS. The LSM potential, in particular, reveals the formation
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Figure 5.9: Images of NiCoCr samples showing: a) a randomly solid solution (RSS)
equilibrated at T = 400 K, b) annealed at (a) Ta = 400K, (b) annealed at Ta = 400K,
(c) annealed at Ta = 800K, (d) annealed at Ta = 1400K.

of Ni-rich nanoprecipitates and inhomogeneities in the annealed NiCoCr matrix, which
has been suggested to influence the stacking fault width, ultimately contributing to alloy
strengthening [142, 179].

Fig. 5.9 displays snapshots of NiCoCr samples annealed at various temperatures (Ta)
using the LSM potential. The ordering and segregation of Ni, along with the precipitation
of Co-Cr, are clearly visible, with the extent of segregation depending on the annealing
temperature. This observation aligns with experimental findings where SRO is also de-
tected in NiCoCr alloys [85].

Figure 5.10: Short-range ordering in annealed NiCoCr CSAs using the Li-Sheng-Ma po-
tential. WarrenCowley SRO parameters are displayed for (a) pNiNi, (b) pNiCo, (c) pNiCr,
(d) pCoCo, (e) pCoCr, (f) pCrCr plotted against distance r at Ta = 400K. (g) Pair corre-
lation function g(r) at Ta = 400K. The base (red) dash-dotted line indicates the random
concentration.

SRO refers to compositional deviations from the statistically random arrangement of
atoms in a solution matrix, i.e a RSS. To quantify this, the WarrenCowley SRO param-
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eters, pab(r), were analyzed, probing the concentration variations of type-b atoms at a
distance r from a center type-a atom. In an equimolar random NiCoCr solid solution, the
expected value of pab(r) is 0.33 at any distance r, which remains constant, as observed in
the pair correlation function g(r) [180]. These parameters can also be evaluated locally for
individual atoms, highlighting potential fluctuations in the presence of SRO. The averaged
WarrenCowley parameters are useful for capturing the overall statistical homogeneity of
the system beyond the typical SRO size.

Fig. 5.10(a-f) reveal deviations in pab from random values after annealing at 400K.
Notably, an excess of Ni-Ni pairs persists up to approximately 5 Å, consistent with the
SRO size observed in segregation maps [142, 181, 182]. Beyond this, the Ni-Ni pairs
exhibit a broad peak around 15 Å before eventually reaching the RSS baseline. Similar
trends, but in the opposite direction, are observed for Ni-Co and Ni-Cr pairs, since their
values must sum to unity. In contrast, Co-Co and Cr-Cr pairs show weaker ordering
patterns, with possible anti-ordering at near-neighbor distances. Additionally, strong
bonding between Co and Cr is notable at the first-nearest-neighbor distance, as shown in
Fig. 5.10(e). Interestingly, the pair correlation function g(r) does not reveal structural
differences between annealed and random solid solutions.

The interaction between dislocations and SRO is also analyzed to determine whether
SRO is more prominent between partial dislocations. Fig. 5.11 presents a comparison
of SRO structures within the dislocation dissociation boundaries and in dislocation-free
regions of aged NiCoCr at a temperature of 600K. In Fig. 5.11(a), the higher concen-
tration of SROs within the stacking fault is visibly noticeable when compared to the

Figure 5.11: SRO microstructure with partial dislocations in aged NiCoCr at Ta = 600K.
(a) Cross-section containing the stacking fault. (b) Cross-section at y = 10Å. (c) SRO
parameter pNiNi as a function of pairwise distance r, with curves representing the full
configuration as well as the two-dimensional slices shown in (a) and (b). Black segments
indicate dislocation lines, and the red dash-dotted line represents RSS. In (a), the stacking
fault region spans approximately from x ' 25Å to x ' 220Å.

35



two-dimensional stack without dislocations, shown in Fig. 5.11(b) at y = 10Å. This trend
is quantitatively confirmed in Fig. 5.11(c), where the SRO parameter pNiNi for atoms
inside the stacking fault region demonstrates a slower decay than that observed for atoms
outside the fault plane. This significant increase in chemical ordering within the stacking
fault has not been reported in previous studies.

One possible explanation for this phenomenon is that the long-range elastic strain
field associated with the dislocations could influence atomic arrangements within the
fault region, promoting chemical ordering. Fig. 5.11(c) shows the pNiNi as a function
of pairwise distance r, with distinct curves for the entire configuration and the specific
regions highlighted in Fig. 5.11(a-b). The black segments mark the dislocation lines, and
the red dash-dotted line indicates the RSS baseline. The stacking fault region, displayed
in Fig. 5.11(a), extends between x = 25 and 220 Å.

The concept of "plastic flow" in solute strengthening theories is directly linked to the
idea of a critical friction stress, denoted as σc. This represents the threshold stress beyond
which dislocations can move more easily, maintaining a noticeable average velocity v [127,
183]. When the applied shear stress σ exceeds σc, dislocations glide smoothly, contributing
to material deformation.

In contrast, when the applied stress is below σc, dislocation movement in concentrated
solid solution alloys (CSAs) with their highly irregular energy landscapes becomes erratic.
Under these conditions, dislocations exhibit long periods of quiescence (i.e., v ≈ 0) inter-
rupted by sudden, brief bursts of motion. This phenomenon is referred to as "intermittent"
migration [183].

Without thermal activation, this transition to continuous dislocation motion is phe-
nomenologically described by:

v ∝ (σ − σc)
1/β (5.23)

where β ≈ 1 indicates a sharp change at the critical stress σc. Below σc, the average
velocity v remains zero, meaning that dislocations do not move unless the applied stress
exceeds σc. Here, σ represents the applied shear stress resolved on the glide plane.

To determine the critical shear stress σc, atomistic simulations were conducted to
investigate the behavior of dislocations in FCC NiCoCr CSAs. Specifically, the dynamics
of edge dislocations oriented along the [110][111] direction were analyzed, focusing on
their dissociation into two mixed partial dislocations and a stacking fault under applied
external stress.

Fig. 5.12(a-b) present configurations of dislocations, both frozen and in an annealed
NiCoCr matrix, as well as in a NiCoCr RSS under varying loads that remain below the
depinning transition threshold (σ < σc). The local curvatures of the dislocation segments
depicted in Fig. 5.12(a) suggest coherent pinning effects, which appear to correlate with
the spatial distribution of SRO regions. While similar features may be observed in RSSs,
as illustrated in Fig. 5.12(b), their spatial extent is notably limited. The positive local
curvature of the dislocation lines, in relation to the glide direction, may serve as an
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Figure 5.12: Realizations of immobile partial edge dislocations in an (a) annealed NiCoCr
and (b) a RSS NiCoCr subject to the shear stress σ = 500. (c) mean dislocation velocity
as a function of applied stress for annealed and RSS NiCoCr samples.

indicator of the effectiveness of pinning due to SROs or local atomic misalignments.
Fig. 5.12(c) displays the relationship between shear stress and the average dislocation

velocity. The behavior of the dislocation velocity vx as a function of σ at σc illustrates the
transition from pinning to depinning, aligning well with the anticipated generic behavior
around this critical point. This transition appears largely unaffected by the annealing
process, apart from a significant shift of σc toward higher values. The estimated critical
shear stresses were found to be approximately σc ≈ 950MPa for aged samples and σc ≈
650MPa for RSS. This emphasizes the strengthening effects of SRO on NiCoCr CSAs. A
detailed explanation of this work can be found in Naghdi et al. [183].

5.4 Complex Dislocation Dynamics: Plastic Defor-
mation and SRO Manipulation

Having established the importance of interatomic potentials as vital tools for investigat-
ing plastic deformation in crystalline materials, it is equally important to acknowledge
their potential to uncover novel physical phenomena within materials science. A key re-
search component of this thesis explores the possibility of manipulating and reorganizing
SRO. If this capability is validated, it could make possible for innovative methodologies to
more accurately characterize SRO in multi-component alloys. This would be particularly
groundbreaking, as the experimental detection and quantification of SRO at the nanoscale
is notoriously difficult and pose significant challenges to traditional techniques [85].

To accomplish this, I employed dwell nanoindentation within molecular simulations
to explore the potential of nanomechanical probes, to actively manipulate SRO. This ap-
proach provides a robust framework for validation. By utilizing advanced interatomic po-
tentials, MD and MC simulations at room temperature are performed to demonstrate that
specific dwell nanoindentation strategies, when paired with thermal MC equilibration, lead
to a localized reconfiguration beneath the indenter tip. This reorganization manifests as
highly anisotropic density-wave stripe patterns, which arise from nanoindentation-induced
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Figure 5.13: Nanoindentation protocol illustrating SRO reorganization in equiatomic NiC-
oCr alloys. The process begins with the indentation of an aged NiCoCr sample (a) to a
specified depth (b). At this point, the indenter’s velocity is set to zero, initiating a hybrid
MD-MC process that rearranges atomic distributions, leading to segregation of Ni and
Co-Cr and the formation of stripe patterns beneath the indenter tip (c). This reorganized
pattern remains stable even after the indenter is withdrawn from the sample (d). In con-
trast, such a pattern does not emerge during standard loading-unloading nanoindentation
simulations, as shown by the blue line (e). The inset shows corresponding load-depth
behavior, with symbol types indicating the loading path.

stress fields and are directly influenced by intrinsic interelemental energetics. These newly
discovered patterns not only align with the stress distribution within the incipient plastic
zone beneath the indenter but also exhibit consistent scaling behavior. This suggests the
possibility of observing SRO at experimentally attainable nanoindentation depths.

Fig. 5.13 illustrates the protocol used to study CSRO in equiatomic NiCoCr. In this
process, NiCoCr (which has been observed to display Ni-rich SRO patterns [85, 142]) is
subjected to a sequence of indentation, holding, and unloading steps. Initially, in the
"loading" step, the sample is indented to a specific depth. However, significant changes
in the CSRO occur only during the "holding" phase, where the indenter remains in place
while thermomechanical relaxation is performed using a combination of MC and MD
simulations at room temperature. This holding phase typically leads to a reduction in
the load, where the force on the indenter decreases from a maximum value, Pm, at time
tl, to a lower value, Ph, at time ta.

In the subsequent "unloading" step, the applied load is fully removed, and the sample
undergoes further relaxation through MC-MD simulations. After the unloading process,
a distinct density-wave oscillation (DWO) pattern emerges, which, as shown in Fig. 5.13,
would not have appeared without the holding stage. The entire protocol is also captured
in the load-depth plot presented in the inset of Fig. 5.13, which visualizes the relationship
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Figure 5.14: Mechanism of nanoindentation-induced SRO reconfiguration. (a-b) illus-
trate SRO patterns observed along the z[011] and z[001] directions. In (c) and (d), the
alignment of the stripe patterns shown in (a) and (b) is compared with the von Mises
stress distribution. (e) presents interaction energies between pairs of Ni-Ni, Ni-Cr, and
Ni-Co atoms within neighboring atomic regions, displayed in the same plane as in (a),
but separated for Ni, Ni-Cr, and Ni-Co configurations. (f) shows the relationship between
these pairwise energies and the in-plane angle, indicating that Ni-Cr pairs have substan-
tially lower average energies than Ni-Ni and Ni-Co pairs.

between the applied load and the indentation depth throughout the experiment.
The origin and characteristics of the emerging DWO were further explored by consid-

ering how crystal orientation affects this behavior. For crystals oriented along x = [100],
y = [010], and z = [001] (Fig. 5.14(b)), the DWO pattern displayed a significant devia-
tion from the behavior observed in the original orientation (Fig. 5.14(a)), with the DWO
orientation being notably tilted. However, upon closer examination, it is found that the
DWO consistently forms along the z = [011] direction and maintains the same alignment
relative to the crystal structure (Fig. 5.14(b)). Additionally, the DWO pattern aligns
with regions of maximum von Mises stress and principal stress accumulated in the [011]

planes (Fig. 5.14(c-d)), suggesting that material anisotropy plays a critical role.
To further understand this phenomenon, the pairwise potential energy for atomic

pairs (Ni-Ni, Ni-Cr, and Ni-Co) in a RSS crystal, oriented along x = [100], y = [011],
and z = [011] (Fig. 5.14(f)) was estimated. These calculations were carried out for
each atom, considering only the first nearest neighbors defined by the first peak of the
pair correlation function g(r) at approximately 3 Å (Fig. 5.14(e)). This suggests that
the emergence of the DWO is closely tied to the energetic properties of the interatomic
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Figure 5.15: Influence of size and temperature on nanoindentation-induced reorganization
of SRO. (a) presents load-time (P-t) curves for nanoindentation at varying holding depths,
showing that greater holding depths produce more distinct stripe patterns, as observed
in (d) and (e). Inset snapshots in (d)(i) display von Mises stress values (in GPa), which
correlate with the stripe formations. Panel (b) illustrates that raising the temperature
by 100 K enhances stripe pattern organization, seen in (f) and (g), due to increased von
Mises stress (indicated by more red areas in the inset). Panel (c) demonstrates that a
larger indenter radius causes a more significant load drop, which also affects pattern size,
as shown in (h) and (i).

potential, which also underlies the formation of SRO in equiatomic NiCoCr. The observed
behavior in the simulations resembles nanometer-scale experimental observations of SRO
made possible by advanced characterization techniques [85, 184]. For verification, the
results were compared with those obtained using an alternative interatomic potential
developed by Farkas et al. [146]. In that case, no SRO was observed either during aging
or after the nanoindentation protocol employed in this study.

The emergence of the DWO patterns exhibits pronounced size effects, which depend
on both the indentation depth and the radius of the indenter tip, as a function of tem-
perature (Fig. 5.15). In the displacement-controlled tests performed in this study, the
load-time (P-t) curves (Figs. 5.15(a-c)) show a more significant load drop during the
holding phase as the depth or tip radius increases and leads to the spatial extension of
the DWO. This spatial expansion of the DWO is reminiscent of the growing size of the
plastic zone surrounding the indentation site.

While load-controlled tests were not specifically investigated in this study, it is an-
ticipated that strain bursts, which are size-dependent, would also be observed in such
scenarios. The protocol depicted in Fig. 5.13 was applied for two distinct indenter depths
(1 nm and 3 nm), while the temperature was maintained at 300 K, and the indenter tip
radii were fixed at 3.5 nm (Figs. 5.15(d-e)). As the indenter radius was increased from
2 nm to 7 nm, the resulting plastic zone expanded, which in turn generated a larger DWO
pattern (Figs. 5.15(h-i)). This correlation is further supported by the more substantial
load drops observed in the P-t curves for larger indenter radii (Fig. 5.15(c)).

Interestingly, when the temperature was raised from 300 K to 400 K, while the indenter
depth and radius remained constant, a more organized DWO pattern emerged (Figs.
5.15(f-g)). However, at higher temperatures, the pronounced size effects observed at
lower temperatures diminished, as evidenced by the lack of a corresponding reduction in
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the load drop (Fig. 5.15(b)). This shows that both the indentation depth and indenter
radius play significant roles in the formation and spatial extension of the DWO, while
the temperature modifies the organization of these patterns, yet reduces the size-related
variations.
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Conclusions

This thesis presents a comprehensive study of various atomic-level phenomena and empha-
sizes the importance of computational methods to validate experimental measurements.
The primary focus is on dislocation dynamics, nano-indentation, interplay of dislocations
and SRO, and development of NNIPs for nano-mechanical applications. The methods
employed were designed to accurately capture the underlying physical mechanisms and
guarantee that the simulations align closely with experimental observations.

The first part of the thesis focuses on dislocation dynamics in tungsten, where the
tabGAP MLFF proved particularly effective. The thesis examines how nanoindentation
tests on tungsten crystals using MD simulations reveal critical insights into the materials
hardness and elastic-plastic transitions. The tabGAP potential, specifically developed for
tungsten, demonstrated excellent performance in capturing pileup formation, dislocation
nucleation, and indentation depth correlations. This section emphasizes the importance
of having tailored MLFFs to achieve accurate and reliable simulation results for tungstens
mechanical properties.

The second major contribution is the development of a NNIP specifically for Mo. Mo,
as a BCC metal, presents unique challenges in simulating its dislocation behavior and
plastic deformation accurately. The NNIP developed in this thesis addresses several limi-
tations inherent in traditional and machine-learned potentials, offering precise predictions
of dislocation nucleation, dislocation dynamics, and surface effects during nanoindenta-
tion. This potential was particularly successful in modeling the atomic-scale mechanisms
governing the early stages of plasticity in Mo. This advancement underscores the poten-
tial of NNIPs in improving the modeling of complex mechanical behaviors in crystalline
materials.

The thesis then explores the dislocation dynamics in NiCoCr alloys, a class of medium-
entropy alloys. Using MD simulations, it investigates the interaction of dislocations with
nanoscale CSRO and Ni-rich nanoprecipitates. The results, derived from two interatomic
potentials, Li-Sheng-Ma and Farkas-Caro, reveal significant differences in dislocation be-
havior. The LSM potential effectively captures SRO effects and the formation of Ni-rich
nanoprecipitates, while the FC potential models a random solid solution. These findings
enhance the understanding of how nanoscale ordering influences the mechanical behavior
of multi-component alloys like NiCoCr.

Finally, the manipulation and reorganization of SRO in NiCoCr through nanoinden-
tation are examined. Accurate interatomic potentials, such as LSM, enable simulations of
ordering phenomena in alloys, providing insights into their mechanical stability and po-
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tential applications in structural materials. The work demonstrates that tailored nanoin-
dentation protocols can reorganize local atomic ordering, forming distinct density-wave
stripe patterns linked to stress fields under the indenter tip. This phenomenon offers
opportunities for experimental validation and the design of materials with customized
properties, advancing the understanding of density wave ordering in multi-component
alloys.

Despite the significant achievements of this thesis, several challenges and limitations
must be acknowledged. While NNIPs have shown tremendous potential in improving the
accuracy of MD simulations, their development requires large datasets, which can be time-
consuming and computationally expensive to generate. Furthermore, while NNIPs have
been successfully trained for Mo, their generalizability to other materials systems and more
complex deformation mechanisms remains a challenge that warrants further research.
The limitations of classical potentials like EAM and GAP have also been noted in this
thesis, particularly in their inability to capture certain dislocation behaviors and surface
interactions accurately. These findings underscore the need for continued development of
MLFFs that can address these gaps.

Looking ahead, the work presented in this thesis opens up several promising avenues
for future research. First, the expansion of NNIPs to other materials, especially high-
entropy alloys and multi-component systems, could provide more accurate predictions of
mechanical properties across a wider range of materials. Additionally, the integration of
hybrid simulation techniques that combine NNIPs with quantum-mechanical methods,
such as DFT, could offer even greater accuracy in modeling complex physical phenomena.
Moreover, advancements in data-driven approaches, including the use of active learn-
ing and generative models, may further enhance the efficiency and scalability of NNIP
development, allowing for faster and more accurate simulations across diverse materials
systems.

In conclusion, this thesis has contributed significantly to the understanding of plas-
tic deformation mechanisms in BCC and FCC materials through the development and
validation of force fields. The findings not only validate NNIPs as a powerful tool for
modeling dislocation dynamics and nanoindentation but also highlight their potential for
future advancements in materials science. By addressing current limitations and exploring
new directions for research, this work lays the foundation for more accurate and efficient
computational methods, ultimately driving innovation in the field of materials design and
mechanical behavior prediction.
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Nanoindentation of tungsten: From interatomic potentials to dislocation plasticity mechanisms
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In this study, we employed molecular dynamics simulations, both traditional and machine learned, to emulate
spherical nanoindentation experiments of crystalline W matrices at different temperatures and loading rates using
different approaches, such as EAM, EAM with Ziegler, Biersack, and Littmark corrections, modified EAM,
analytic bond-order approach, and a recently developed machine-learned tabulated Gaussian approximation
potential (tabGAP) framework for describing the W-W interaction and plastic deformation mechanisms. Results
showed similarities between the recorded load-displacement curves and dislocation densities, for different
interatomic potentials and crystal orientations at low and room temperature. However, we observe concrete
differences in the early stages of elastic-to-plastic deformation transition, revealing different mechanisms for
dislocation nucleation and dynamics during loading, especially at higher temperatures. This is attributed to the
particular features of orientation dependence in crystal plasticity mechanisms and, characteristically, the stacking
fault and dislocation glide energies information in the interatomic potentials, with tabGAP being the one with
the most well-trained results compared to density functional theory calculations and experimental data.

DOI: 10.1103/PhysRevMaterials.7.043603

I. INTRODUCTION

Nanoindentation is a technique used to measure the me-
chanical properties of a potential candidate material at the
nanoscale for applications at extreme operating conditions.
It entails using a small, sharp tip into the sample surface to
measure the force required to do so and the resulting dis-
placement into the material [1–4]. A pop-in event that defines
the elastic to plastic deformation transition is produced as the
indenter tip starts to penetrate the surface; it is often used as
a reference point for analyzing the mechanical behavior of a
material, as it can provide insight into the internal structure
of the sample, which gives the opportunity to explore the
mechanisms of plastic deformation initiation responsible for
modification of mechanical properties of the material [5].
In addition, nanoindentation-induced plastic patterning is a
process that involves the creation of patterns or structures in
a material at the nanoscale with a wide range of applications,
including the fabrication of nanostructured surfaces with en-
hanced functionalities and the development of new materials
with tailored mechanical properties [6]. Plastic patterning due
to nanoindentation is highly affected by the applied load,
surface orientation, temperature, and the properties of the ma-
terial itself, which needs a fundamental understanding of the
materials deformation at the plastic zone beneath the indented
surface region [2].

Tungsten is a refractory BCC material that can mechan-
ically sustain extreme operating conditions due to its high
melting point, low sputtering yield, and low tritium inventory
[7–11]. W is often used in the production of high-strength

steel alloys, as well as in the manufacturing of tungsten
carbide, which is a very hard and durable material used in
cutting tools and wear-resistant products, besides being the
main candidate to design a plasma facing component (PFM)
for the next generation of fusion reactors [12–15] experienc-
ing a harsh environment due to the hydrogen/deuterium ions
irradiation from the fusion plasma that causes indentation size
effects at a scale of 100 nm. Moreover, ISO:14577 provides
guidelines for the use of spherical indentation techniques and
defines W to have a high elastic modulus which makes it a
reference material for indirectly calibrating nanomechanical
test instruments [16]. Therefore, it is necessary to study the re-
lationship between indentation load-displacement curves and
the evolution of the surface plastic patterning formation in
order to better understand the plastic deformation mechanism
of W matrices and its alloys. Atomistic simulations based
on molecular dynamics (MD) can provide information about
plastic deformation mechanisms, although there are limita-
tions in some cases. These simulations are now capable of
saving financial and technological resources [1–3,16–22].

The goal of our work is to explore the advantages and lim-
itations of several EAM-based interatomic potentials reported
in the literature for describing plastic deformation of tungsten
at the early stages of the nanoindentation test, where experi-
mental observation is currently inaccessible. Our objective is
to investigate the role of the most used interatomic potentials
in nanoindentation test modeling, where the mechanisms of
dislocation nucleation and evolution are modeled differently.
Despite similarities in the stress-strain curves and disloca-
tion densities that are commonly utilized to characterize the
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mechanical properties of a material, this work aims to provide
an atomistic insight into the nanoindentation-induced plastic-
ity of crystalline tungsten matrices using different approaches
to model defect nucleation, as well as dislocation loop for-
mation. Finally, we present an analysis of screw and junction
dislocations using a nudged elastic band method (NEB) to
clarify the differences in dislocation dynamics and surface
plastic patterning in the MD simulation due to the chosen
interatomic potential.

II. COMPUTATIONAL METHODS

In general, the EAM approach is used as a first attempt to
computationally model the physical processes of the nanome-
chanical response of crystalline metals under external load. In
this approach, the energy of the ith atom is defined as

Ei = 1

2

∑
j∈Ni

V (ri j ) + F [ρi]. (1)

Here Ni represents the atoms within the cutoff range, V (r)
is a pairwise potential, repulsive at short range, and F [·] is
the embedding function for an atom in a region of electron
density, given by ρi = ∑

j �=i φ(ri j ).
According to the OpenKIM project [23], there are more

than 15 interatomic potentials for tungsten based on EAM.
The one developed by Marinica et al. [24] (referred to as
EAM2 by the authors in this work and labeled as EAM) has
been reported to provide relatively good approximations to
experimental values such as lattice constant measurements,
cohesive energies of tungsten in the BCC phase, and elastic
constants. This EAM potential has been evaluated by com-
paring it with DFT results for surface energy, dislocation
core energy, and Peierls energy barrier calculations. The re-
sults show that, in general, this potential is a good choice
for dislocation-involved simulations of tungsten, being com-
monly used to investigate dislocation nucleation in tungsten
[25]. In addition, this potential has been used to develop
potentials for tungsten with other metals, hydrogen, and car-
bides. For example, Wang et al. [26] used EAM potentials to
develop W-H potentials.

The defect nucleation during nanoindentation load is im-
portant to model due to the inclusion of open boundaries in the
MD simulations. Thus we consider an EAM potential devel-
oped by Mason et al. [27] that introduces smoothly varying,
physically motivated modifications to the Ackland-Thetford
potential [28] and adding VZBL(r) the Ziegler, Biersack,
and Littmark (ZBL) universal screening potential contribu-
tion to improve vacancy- and surface-related properties. This
potential, labeled as EAM/ZBL, was parametrized to im-
prove the description of vacancy-type defects formation at
different temperatures with vast surface properties aiming
to model surface plastic patterning in a better way than
EAM.

The correct description of the interaction of W-W and
the intrinsic BCC crystal geometry of W is needed during
the nanoindentation-induced dislocation nucleation. Thus we
include in our work simulations with the modified-EAM that
consider angular dependent interactions, which enter via the

electron density term. These potentials were developed by
Hiremath et al. [29] (labeled as MEAM) to investigate mech-
anisms of fracture in W samples providing an atomic insight,
which also yields surface and unstable twinning energies that
are in slightly better agreement with DFT than EAM results.
This can help to describe the formation of twins during early
stages of nanoindenation load simulations. Here, the total
potential energy of the system is given as

E =
∑

i

Fi(ρ i ) +
∑

i

∑
j �=i

Si jφi j (ri j ), (2)

where Fi(ρ i ) represents the embedding energy associated with
placing the i atom into the background electron density ρ i.
The function φi j (ri j ) is defined as the pair interaction con-
tribution between i and j atoms, separated by the distance
ri j , while Si j is a screening function. The fitting process was
done by using the open-source M-EAM parameter calibration
(MPC) tool [30] to reproduce DFT data that serves as input
data.

Another attempt to describe the W-W interaction in a ma-
terial is the analytic bond-order potential (labeled as ABOP
in this paper), which is a type of interatomic potential based
on the concept of bond order measuring the strength of the
chemical bond between atoms. It is constructed by fitting
the potential energy of a system to a functional form that
depends on the bond orders between atoms. In an analytic
bond-order potential for W developed by Juslin et al. [31],
the total energy is expressed as a sum over individual bond
energies:

E =
∑
i> j

V R
i j (ri j ) + bi jV

A
i j (ri j ), (3)

where the pairlike repulsive, V R, and attractive, V A, terms are
defined by Morse-type pair potentials and the bond-order pa-
rameter bi j contains information of three-body contributions
and angularity [32]. ABOP has several advantages over other
EAM-based interatomic potentials capturing the effects of
changes in bond order on the behavior of materials. Moreover,
this bond-order potential includes second-neighbor interac-
tions for pure tungsten samples and accurately captures the
contributions of metallic W-W bonds. As discussed by the
authors, the W potential provides a good description of the
coordination dependence of structural parameters, cohesive
energies, and surface properties, which are all important for
nanoindentation modeling.

Nanoindentation simulations require detailed information
of the material’s surface due to open boundaries involved
in the modeling. For this reason, we include the tabulated
Gaussian approximation potential (tabGAP) in this work,
which is a GAP machine-learning potential with enough sur-
face information in the training data set being developed by
Byggmästar et al. [33]. It has been trained with only simple
low-dimensional descriptors (two-body, three-body, and an
EAM-like density). The low dimensionality of the descrip-
tors allows for creating faster tabulated versions, where the
machine-learning energy contributions are mapped onto grids
[34–36]. The total energy is then evaluated efficiently using
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TABLE I. Value of elastic constants, shear modulus G, Poisson
ratio ν, elastic modulus E (GPa), cohesive energy Ecoh (eV/atom),
and Burgers vector magnitude |�b| = a0

√
3/2 (a0 is the lattice con-

stant) of tungsten. The last column is experimental values of Ci j [40]
and G, ν, and E values [41].

Variable EAM EAM/ZBL MEAM ABOP tabGAP Expt.

C11 523 511 527 541 524 501
C12 203 201 194 191 200 198
C44 160 161 177 162 148 151

G 160 161 177 162 135 130–160
ν 0.28 0.27 0.27 0.26 0.28 0.27–0.29
E 409 431 423 442 449 340–405

Ecoh −8.899 −8.9 −8.65 −8.89 −8.39 −8.9
|b| 2.72 2.75 2.74 2.74 2.75 2.74

cubic splines as

Etot =
N∑

i< j

S1D
i j (ri j ) +

N∑
i, j<k

S3D
i jk (ri j, rik, cos θi jk )

+
N∑
i

S1D
emb

⎛
⎝ N∑

j

S1D
ϕ (ri j )

⎞
⎠. (4)

Here, S1D
i j (ri j ) represents a one-dimensional cubic spline for

the two-body contribution, S3D
i jk is the three-dimensional spline

for the three-body contribution, and the final term is the em-
bedding energy contribution similar to the EAM potentials.
Despite the simplicity compared to other machine-learning
potentials, the tabGAP achieves meV/atom accuracy for
tungsten-based high-entropy alloys and compares well with
DFT for various elastic, defect, and melting properties [33,36]
that can be applied to model defect production at high temper-
atures [37].

To perform our simulations, we use the large-scale
atomic/molecular massively parallel simulator (LAMMPS)
software [38], which allows us to study the behavior of ma-
terials under a wide range of conditions. One of our goals is
to accurately model plastic deformation, which is a crucial
aspect of how materials respond to external loads. Thus we
start by calculating the elastic constants Ci j and other proper-
ties of tungsten using different interatomic potentials that are
presented in Table I noticing similar results in most respects
and a good agreement with DFT calculations with C11 =
520.35 GPa, C12 = 199.88 GPa, and C44 = 142.42 GPa [39].
This information will help us understand how the interatomic
potentials affect the mechanical behavior of the material and
how they can be used to predict the response of tungsten to
external loads. By studying these properties in detail, we hope
to gain a deeper understanding of the underlying mechanisms
of plasticity in tungsten.

Nanoindentation modeling

We first defined the initial W sample based on its crystal
orientation, as shown in Table II. The FIRE (fast inertial
relaxation engine) 2.0 protocol [42] is then used to optimize
the energy of the sample and find the lowest energy structure.

TABLE II. Size of the numerical samples used to perform MD
simulations. Sample size (dx , dy, dz) in units of nm.

Orientation [001] [011] [111]

dx 37.92 34.76 33.52
dy 41.08 37.99 33.52
dz 31.60 36.65 46.52
Atoms 3 120 000 3 066 800 3 442 500
x axis (100) (100) (101)
y axis (010) (011) (121)
z axis (001) (011) (111)

After that, we conducted an equilibration process for 100 ps
using a Langevin thermostat at 77 and 300 K with a time
constant of 100 fs [21]. This process continued until the sys-
tem reached a homogeneous temperature and pressure profile
with a density of 19.35 g/cm3, which is in good agreement
with the experimental value of 19.35 g/cm3 [41]. In the first
stage, the W samples are divided into three sections in the z
direction to set up boundary conditions along its depth, dz:
(1) a frozen section with a width of approximately 0.02 × dz,
which was used for stability of the numerical cell, (2) a ther-
mostatic section at approximately 0.08 × dz above the frozen
section, which was used to dissipate the heat generated during
nanoindentation, and (3) a dynamical atoms section, where the
interaction with the indenter tip modifies the surface structure
of the samples. In addition, a 5 nm vacuum section was in-
cluded at the top of the sample as an open boundary [3].

The indenter tip is considered as a nonatomic repulsive
imaginary (RI) rigid sphere with a force potential defined as
F (t ) = K[�r(t ) − R]2, where K = 236 eV/Å3 (37.8 GPa) is
the force constant and �r(t ) is the position of the center of
the tip as a function of time, with radius R = 6 nm. We ap-
ply MD simulations using an NV E statistical thermodynamic
ensemble and the velocity Verlet algorithm to emulate an ex-
perimental nanoindentation test. Periodic boundary conditions
are set on the x and y axes to simulate an infinite surface,
while the z orientation contains a fixed bottom boundary
and a free top boundary in all MD simulations [21]. Here,
�r(t ) = x0x̂ + y0ŷ + (z0 ± vt )ẑ, with x0 and y0 as the center of
the surface sample on the xy plane. The initial gap between the
surface and the indenter tip, z0 = 0.5 nm, moves with a speed
of v = 20 m/s. The center of the indenter tip was randomly
changed to 10 different positions to consider statistics in our
results, resulting in a total of 150 MD simulations. Each
process is performed for 125 ps with a time step of �t = 1
fs. The maximum indentation depth is chosen to be 3.0 nm
to avoid the influence of boundary layers in the dynamical
atoms region. The load-displacement curve is then obtained
by plotting the force on the indenter tip as a function of its
displacement relative to the surface, as the indenter is driven
into the material over time.

III. RESULTS

Figure 1 shows the recorded average load-displacement
curves for nanoindentation loading of (001) W using the tab-
GAP framework at 77 and 300 K. Our results are in good
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FIG. 1. Average nanoindentation load as a function of the dis-
placement at 77 and 300 K as determined by the tabGAP framework.
The color region represents the range of minimum and maximum
load obtained from all MD simulations. Temperature has a significant
impact on the plastic deformation mechanisms modeled by different
approaches, as indicated by the Hertz fit curve that defines the critical
load, Pcrit . The results at 77 K are scaled by a factor of 0.6 for
visualization.

qualitative agreement with the experimental data reported by
Beake et al. [16,17]. These findings demonstrate the potential
of the tabGAP framework in accurately reproducing results
in the field of nanoindentation research. The average load is
computed as Pav = 1/N

∑N
i Pi with Pi as the load obtained

from each MD simulation with random positions for the center
of the indenter tip on the W surface. In our results, we include
the maximum and minimum load as a function of indentation
displacement from all MD simulations, represented by a col-
ored region to show the statistical analysis in our work. The
elastic nanocontact during loading process is characterized by
a Hertz fitting curve based on the sphere-flat surface contact
and expressed as

PH = 4
3 EeffR

1/2h3/2, (5)

where R is the indenter radius, h is the indenter displacement,
and Eeff is the effective elastic modulus, where the tabGAP
result of 400 GPa agrees well with experimental data [16].
The elastic to plastic deformation transition can be identified
during the loading process by the pop-in event with a critical
load, Pcrit , which is well modeled by all the approaches and
can be correlated to experimental results to study stress dis-
tributions under the tip. As shown in Fig. 1, the elastic part
of the loading process is sensitive to the surface morphology
and sample temperature. Results at 300 K show considerable
fluctuations around the pop-in point, while these fluctuations
disappear when the temperature decreases to 77 K, resulting
in more stable data.

In Fig. 2, we report results for the average load of [001] W
as a function of the indenter displacement by using different
interatomic potentials.

As the indenter tip makes contact with the surface, the
force on the indenter increases until the material begins to
deform plastically. All approaches report a similar value for

FIG. 2. Average load displacement curves from nanoindentation
test by using different approaches at sample temperature of 300
in (a) and 77 K in (b). Hertz fitting curve is added to show the
pop-in event. Temperature effects on surface morphology are shown
by the elastic part where the surface information is required in the
interatomic potentials.

the indentation displacement point at 0.9 ± 0.1 showing the
elastic to plastic transition, while the critical pop-in load is
maximum for EAM and minimum for MEAM, noting the im-
portance of surface information in the approach due to contact
responses of the W matrix, regardless of the surface tempera-
ture. The effective Young’s modulus at 300 K is 420 GPa for
EAM and EAM/ZBL, 400 GPa for ABOP and tabGAP, and
355 GPa for MEAM, which is in the experimental range of
350–405 GPa [41]. At 77 K temperature, all the MD simu-
lations resulted in an elastic modulus of 395 ± 5 GPa. This
can be attributed to the interaction between the nonatomic
RI sphere of the indenter tip, which has a hard sphere, and
the W atoms in the top layers of the material, which exhibit
only small thermal vibrations. As a result, the elastic behavior
modeled by all the methods is similar.

Temperature effects are observed during the elastic part
where the interatomic potentials are required to have surface
information like surface energy due to the open boundary
and plastic deformation initiation by the penetration of the
indenter tip in the material. The effect of the crystal orien-
tation is presented in the Supplemental Material (SM) [43],
where a sequence is found by every approach used following
the characteristic maximum pop-in load for [001] orientation
and the minimum one for [111] orientation for BCC metals
[2,21,44].

Figure 3 reports the mean contact pressure p, of [001] W
to Young’s modulus Eklm, ratio calculated as a linear elastic
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FIG. 3. Evolution of average contact pressure, p, normalized to
Young’s modulus with normalized contact radius for (011) W by
using different approaches at 300 K in (a) and 77 K in (b). Results
follow the universal linear relationship as [20] 0.844/(1 − ν2)a/Ri,
regardless of the employed interatomic potential.

contact mechanics formulation [5,20]:

p

Eklm
= 2π

3Eklm

[
24P

(
EklmR

1 − ν2

)2
]1/3

(6)

as a function of the normalized contact radius, a/R, between
the sample and the tip with the geometrical relationship
a(h) = [3PR(1 − ν2)/8Eklm]1/3, which is related to the in-
ner radius of the plastic region where the defects nucleate.
The results seem to follow the universal linear relationship
as [20] 0.844/(1 − ν2)a/Ri, with Ri as the indenter radius
for all the approaches with tabGAP results reaching the best
agreement, which indicates that the atomic ensembles fulfill
coarse-grained, linear elastic contact mechanics and boundary
conditions do not affect the simulation dynamics. As observed
in Fig. 3, the recorded load curves can be affected by both the
spatial arrangement of the surface atoms and the thermally
induced atomic vibrations [2]. Thus temperature effects are
observed in the elastic part by fluctuations of the mean contact
as a response of the interaction of the indenter tip with the
W atom at the top layer of the surface sample. Due to the
size of the indenter tip, the transitional regime is defined be-
tween 0.12 and 0.15 a/R, while the steady state of the loading
process is reached at bigger values at both temperatures. The
value p/E001 = 0.09 ± 0.012 at the steady state is similar to
the one reported for (001) Ta and other BCC metals by Varilla
et al. [20], showing a good agreement between the approaches
for calculations of material’s hardness.

It is well established that plastic deformation in a material
does not initiate at the surface, but rather at some atomic
layers’ depth below it. This depth is known as the yield point
or yield depth at which the material begins to nucleate defects
and further dislocations under the applied load or stress [5],
within the closest plastic region along the vertical z axis un-
derneath the spherical indenter tip expressed as

σzz = −
(

3F

2πa(h)2

)[(
1 −

∣∣∣∣ z

a(h)

∣∣∣∣ arctan

∣∣∣∣a(h)

z

∣∣∣∣
)

(1 + ν)

− 1

2[1 + z2/a(h)2]

]
(7)

as an attempt to determine the strength and stability of the W
matrix under load. The stress applied in the direction parallel
to the indenter surface is then expressed as

σxx = σyy = −
(

3F

2πa(h)2

)
1

1 + z2/a(h)2
, (8)

where x, y, and z are the coordinates in the Cartesian sys-
tem, ν is the Poisson’s ratio, and F is the nanoindentation
load. This defines the maximum shear stress as τMax = (σzz −
σxx )/2 that the material can withstand before it begins to
undergo plastic deformation as reported in Fig. 4, being nor-
malized by the applied pressure (equal to the force F divided
by the contact area). The normalized depth is the distance
from the surface of the material to the point at which the

FIG. 4. Hertzian calculation of normalized maximum shear
stress by the applied pressure, τMax/P, as a function of normalized
depth at a temperature of 300 K in (a) and 77 K in (b). Surface
information is needed in the interatomic potentials to model nanoin-
dentation as observed in the range of 0.2 to 0.49 z/a. The vertical
lines indicate the points where τMax is not zero, which provides valu-
able surface information as demonstrated by the tabGAP simulations.
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FIG. 5. Average total, 1/2〈111〉, and 〈100〉 type dislocation density as a function of the normalized indentation depth during loading
process at a temperature of 300 K in (a)–(c) and 77 K in (d)–(f), showing the differences of the description of W-W interaction by the MD
potentials.

maximum shear stress occurs, normalized by the radius of the
indenter that is used to apply the shear forces. Our MD results
showed that the point at which plastic deformation begins is at
a normalized depth of z/a = 0.5 for both temperatures consid-
ered. We also observed that the choice of interatomic potential
can have an impact on the modeling of the contact between
the indenter tip and the surface of the material. Specifically,
our findings indicate that the tabGAP method offers a more
precise depiction of the interaction between the indenter tip
and the surface, exhibiting a smooth increase of the shear
stress within the range of 0–0.2 z/a. In contrast, other methods
are not able to capture this information.

A. Dislocation nucleation

In general, dislocation glide occurs in the closest-packed
〈111〉 directions for BCC metals with Burgers vector b =
1/2〈111〉 and slip planes belong to the {110} and {112}. To
analyze the atomic structure during the nanoindentation test
which provides information about the mechanisms of disloca-
tion nucleation and evolution [45], we use OVITO [46] with
the DXA package [47] to identify dislocations into several dis-
location types according to their Burgers vectors as 1/2〈111〉,
〈100〉, and 〈110〉 dislocation types with their corresponding
dislocation density, ρ, defined as

ρ = lklm

VD
, (9)

where lklm is the dislocation length of each type, by using
a hemispherical radius of the plastic zone of rpz = apz[r2 −
(r − h)2]1/2 with apz = 1.9 and the total volume equal to the
hemispherical volume excluding the volume displaced by the
indenter tip as VD = (2πr3

pz/3) − [πh2(r − h)/3], with r as
the indenter radius and h the indentation depth, excluding
pileup or sink in effects in this model [48].

Figure 5 shows dislocation densities as a function of nor-
malized indentation depth for 300 and 77 K of (001) W
samples. Oscillations are observed in the loading process for
the densities of both 〈111〉 and total dislocations at both tem-
peratures, with minima occurring at 0.9 and 1.1 z/a points,
where prismatic loops were observed to nucleate. It is worth
noting that the different potentials we used yielded differ-
ent results for the nucleation and evolution of dislocation
junctions at the 〈100〉 plane, where a good representation
of dislocation glide is important. This mechanism is poorly
represented by the EAM and EAM/ZBL methods. We also
observed that the formation of this type of defect is common
under the indenter tip, where the interaction or dissociation of
1/2〈111〉 dislocations can lead to the nucleation of dislocation
junctions as 1/2〈111〉 +1/2〈1̄1̄1〉 = 〈001〉 and other symmet-
rically geometrical combinations. We observed temperature
effects at the point where dislocations begin to nucleate; this
difference is likely due to the increased thermal motion of the
atoms in the top layer at the higher temperature, which af-
fects the dislocations’ mechanisms to nucleate and propagate
through the material. In the SM, we report results for the (011)
and (111) W matrices with results for those of (001) W.

We visualize the dislocation network nucleated at a depth
of z = 0.9a in Fig. 6, where initial half loops are noted, and
z = 1.22a in Fig, 7, where prismatic loops evolve through
the sample at 77 and 300 K sample temperature. For BCC
materials with a (001) orientation, it is well known that the
nucleation of prismatic loops is initiated by the formation of
shear loops after the yield point [5,20], which then propagate
along the expected 〈111〉 slip directions. This mechanism was
observed in our MD simulations using MEAM, ABOP, and
particularly tabGAP [Figs. 6(c) and 6(d)]. Temperature effects
on this mechanism are associated with the faster propagation
of shear loops at lower temperatures; this is due to the more
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FIG. 6. Visualization of the dislocation nucleation and evolution at depth z = 0.9a.

stable lattice positions of the W atoms during the loading pro-
cess, which leads to the more efficient nucleation of prismatic
loops [see Figs. 7(c) and 7(d)]. As the indenter tip goes deeper
into the sample, the shear loops expand through the advance-
ment of edge dislocations, while the screw dislocations can
undergo limited cross slip, as seen in the simulations using
MEAM, ABOP, and tabGAP. This cross slip of the screw
dislocations eventually leads to a pinch-off action, resulting
in the formation of prismatic loops. It is worth noting that
the edge dislocations cannot undergo cross slip. As plastic
deformation proceeds during the loading process, the formed
prismatic loop advances and the process of shear loop forma-
tion and cross slip repeats itself underneath the indenter tip.
We noticed that, among the different potentials we used, tab-
GAP simulations provided the most accurate modeling of this
mechanism, showing good qualitative agreement with the re-
sults that are expected to be observed in experiments [16,17].

It is well known that dislocation glide in BCC metals is
mainly governed by the Peierls barrier, which measures the
stress that needs to be applied in order to move a dislocation
core to the next atomic valley in the glide plane. Moreover, the
Peierls barrier is smaller for edge dislocations than for screw
dislocations, where the BCC metal plasticity is dominated by
the sluggish glide of screw dislocation segments, as shown
by our MD simulations [49,50]. Thus the “lasso” mechanism
is observed by all methods for (111) W, suggesting that the
main dislocation nucleation mechanism remains analogous to
other BCC metals [20,21], with a difference on the number
loops nucleated by each approach. In Table III we present the
number of prismatic loops nucleated at the maximum inden-
tation depth, quantified for all the potentials we tested at

different temperatures. We noticed that ABOP and tabGAP
are capable to model the nucleation of dislocation loops on
the expected 〈111〉 and 〈112〉 slip directions. The visualization
of the dislocation dynamics during the nanoindentation test
for both the (011) and (111) orientations can be found in the
Supplemental Material [43].

B. Nanoindentation-induced plastic patterning

The formation of slip traces at the surface is an important
aspect of the crystal plasticity process that occurs during
a nanoindentation test, as these traces provide evidence of
the underlying dislocation glide processes occurring in the
subsurface. As shown in Fig. 8, the four 〈111〉 slip directions
that occur at 300 K temperature lead to the formation of
surface pileups with fourfold symmetry. This figure provides
a visualization of this process at the maximum indentation
depth by using different approaches. The figure includes a
color palette that indicates the magnitude of the displacement,
revealing that the pileups form around the indenter mark in the
shape of a fourfolded rosette due to the (001) orientation of the
W matrix, as expected for BCC metals on a (001) orientation.
This has been reported experimentally for tungsten by
Argus images reported by Yu et al. [51], where the surface
morphology shows fourfold slip traces on the (11̄0) and (110)
planes. Moreover, large-scale MD simulations for α-Fe [2]
have also demonstrated similar pileups resulting from the slip
directions.

In Fig. 9, we present the results of von Mises strain atomic
mapping at the maximum indentation depth, as obtained from
OVITO and reported in our previous work [21]. The sample

FIG. 7. Visualization of the dislocation nucleation and evolution at depth z = 1.22a, using all approaches. Shear dislocation loops are
nucleated at the maximum indentation depth in the case of all potentials.
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TABLE III. Average number of dislocation loops nucleated at the
maximum indentation depth for W by different potentials. Results for
temperatures of 300 K and 77 K.

(001) (011) (111)
Potentials 300 K 77 K 300 K 77 K 300 K 77 K

EAM 1 2 3 4 1 2
EAM/ZBL 2 3 1 2
MEAM 3 4 6 9 4 5
ABOP 4 6 5 6 6 7
tabGAP 4 6 5 7 6 8

was slid on the (011) plane, revealing that the maximum
strain follows the 〈111〉 slip directions, due to the BCC crystal
geometry of the W samples. This highlights the importance
of accurate modeling for simulations involving open bound-
aries. From our MD simulations, the formation of indentation
plastic imprints is a process associated to the onset of plastic
bursts during mechanical loading that is modeled in a similar
manner by tabGAP, ABOP, and the modified EAM potential,
where our results are in good agreement with experimental
electron microscopy images [17,19,51]. Results for both (011)
and (111) orientations can be found in the Supplemental

FIG. 8. Visualization of the formation of pileups and slip traces
for the indented [001] W sample at the maximum depth (3 nm). The
surface morphology for ABOP and tabGAP show fourfold slip traces
on the (11̄0) and (110) planes in good agreement with experimental
findings [51].

FIG. 9. Visualization of the von Mises strain mapping for the in-
dented [001] W sample at the maximum depth, at room temperature.
The W matrix is slid on the (011) plane for better visualization. BCC
{112} twin boundaries are identified in our simulations as depicted in
(f) by BDA method and are marked by white circles for the tabGAP
simulations.

Material [43]. In addition, the dynamics of twin nucleation
and twin annihilation during the loading process is a key
aspect of the plastic deformation of the W material that needs
to be observed in the experimental nanoindentation test. Twin
nucleation refers to the process by which a twinned region
forms within the W lattice, while twin annihilation refers to
the process by which twinned regions transform into dislo-
cations or a dislocation network beneath the indenter tip, as
reported experimentally by Wang et al. [52] in compression
experiments. These processes are generally influenced by the
surface energy of the sample, which is a measure of the en-
ergy required to create or modify the surface of the material
by external load. In our simulations, we utilized the BDA
method [53] to identify material defects as twin planes {112}
as described in the Appendix A. Although some W atoms
were identified as twins in all the simulations, consistent with
the literature [44], they can be likely misidentified as screw
dislocations. Only in the tabGAP simulations were several W
atoms observed in the near vicinity of the indenter tip, which
exhibited twin-like defects upon structural analysis and visual
examination [see Fig. 8(f)].

There are several machine-learning-based interatomic po-
tentials for W reported in the literature, such as GAP [54] and
spectral neighbor analysis potential (SNAP) [55]. However,
nanoindentation simulations require simulation cells with
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millions of atoms and open boundaries. A single MD sim-
ulation using GAP and SNAP potentials would require a
wall time of 10–20 days with high computational resource
demands, as we tested for our simulation cells. In our work,
we are focused on modeling nanoindentation with interatomic
potentials that offer the possibility of a good description of
the plastic deformation of W matrices with modest computer
resources and wall times on the scale of hours. Therefore,
we used a Linux cluster with 120 Intel(R) Xeon(R) CPU
E5-2680 v2 processors at 2.80 GHz, with wall time of 82 min
for the EAM potential, 63 min for the EAM/ZBL poten-
tial, 780 min for the MEAM potential, 960 min for the
ABOP potential, and 1658 min for the tabGAP potential
that seems to model several defect nucleation and evolution
mechanisms.

C. Nanoindentation load rate

We have shown that tabGAP simulations provide a reliable
description of the mechanism of plastic deformation of W
during the loading process. Thus we decided to decrease the
load rate to 10 m/s and 5 m/s to give W samples more time to
dissipate the energy and yield more ductile behavior. This will
give us the opportunity to better understand the nanocontact
between the indenter tip and the surface and, consequently,
the initiation of plastic deformation, which is of importance
in experiments [56]. In Fig. 10, we present the results of the

FIG. 10. Evolution of p/E with normalized contact radius at
room temperature (a) and 77 K (b) showing the effect of load rate
on the nanomechanical response of (001) W. The critical normalized
pressure is identified as a deviation from the Hertz fitting and is
marked in the figures. This deviation triggers early defect nucleation
and is accompanied by the first hardness drop, �p/E , and a subse-
quent second one.

evolution of the average contact pressure, p, normalized to the
Young’s modulus, at different load rates. Sample temperature
is 300 K in (a) and 77 K in (b). It is observed that when inden-
tation goes beyond linear elasticity, the W matrix responds
with sudden, first pop-in events characterized by different
magnitudes of the load drop, �p. The load drops mark the
early inception of defects and are more pronounced as the load
rate decreases, regardless of the sample temperature. We argue
that the ratio of the contact pressure, pc, defined as the point
where the drop is identified, to the Young’s modulus, Eklm,
can be used as an intrinsic measure of the surface resistance
to dislocation nucleation mechanisms.

Furthermore, the contact pressure results obtained from
our study can be compared qualitatively with the compression
experimental stress-strain curves reported by Wang et al. [52]
(see Fig. 3 in the main text and Fig. S3 in the Supplemental
Material for a qualitative comparison to our results). Wang
et al. demonstrated the antitwinning phenomenon in BCC
W nanowires with diameters less than approximately 20 nm
during compression, where a transition from dislocation slip
to antitwinning shear was observed with decreasing nanowire
diameter. This transition was attributed to the limited plastic
deformation carriers in nanosized BCC crystals. Our nanoin-
dentation simulations conducted with tabGAP revealed that,
at a load rate of 20 m/s and particularly at 5 m/s, a load drop
of �p/E = 0.035 in a range of 0.13 to 0.15 a/R resulted in
ultrahigh stresses that triggered the formation and growth of
twins, as shown in Fig. 9.

D. Stacking fault and dislocation glide energies

Generalized stacking fault energy (GSFE) is a measure of
the energy required to create a specific defect or deformation
in the W lattice, such as a twin or stacking fault. To understand
the mechanisms of twin nucleation during loading process, we
compute the GSFE for W using different interatomic poten-
tials. The GSFE is computed by cutting a perfect crystal along
a specific direction, known as the γ line, and calculating the
energy required to move one part of the cut crystal relative
to the other. The γ line is parallel to the cut plane and the
movement of the two parts of the cut crystal results in the
creation of a specific defect or deformation. In our compu-
tations, we applied periodic boundary conditions along the
cut plane with unit cells from dislocation objects with 2 × 2
lattice units (l.u.) surface area and 30 l.u. perpendicular to the
cut plane. For relaxation, we used a force tolerance of 0.01
eV/Å. Figure 11 shows the results for the GSFE for each
displacement vector, where the atomic positions are relaxed
only in the direction perpendicular to the cut plane [57]. These
results confirmed the different shapes of the slip traces show-
ing that EAM/ZBL potentials subestimate the SFEs, which
may explain why this method does not predict the formation
of twinned regions. However, MEAM and tabGAP agree well
with reported DFT calculations [39] for 〈111〉{110} with a
value of ∼0.1 eV/Å2 at the stable point.

In order to evaluate the ability of the applied potentials
to model the nucleation and motion of dislocations dur-
ing loading, we compute the screw and junction dislocation
glide energies. These energies measure the resistance of the
material to plastic deformation in a specific direction and
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(a) (b)

FIG. 11. Generalized stacking fault energies for 〈111〉{110} in
(a) and 〈100〉{011} in (b) computed for all approaches. Data for
〈111〉{110} is compared with DFT results from [24].

are calculated by considering the motion of dislocations be-
tween two easy cores using the nudged elastic band (NEB)
method. A force tolerance of 0.025 eV/Å is used during the
minimization process and the initial path of the dislocation
is determined using linear interpolation of the atomic po-
sitions between the initial and final relaxed configurations
with force tolerance of 0.001 eV/Å, which are obtained us-
ing anisotropic elasticity within the Stroh formalism [58]
using the elastic constants reported in Table I. As presented
in Fig. 12, the tabGAP seems to have the overall best
compromise with comparable barriers for two-junction dislo-
cation glide planes and reasonable screw dislocation barriers
as compared to recent QM/ML results [59]. The other po-
tentials have some inaccuracies: (i) MEAM and EAM/ZBL
potentials poorly represent screw dislocation core stability;
(ii) EAM and MEAM significantly overestimate the glide
barrier for a junction dislocation in the {001} glide plane; (iii)
MEAM, ABOP, and EAM/ZBL predict almost zero glide for
the junction dislocation in the {011} glide plane. The results
obtained can guide experiments in understanding the funda-
mental mechanisms for nanoindentation induced dislocation
nucleation through in situ transmission electron microscopy
(TEM) images [60].

IV. CONCLUDING REMARKS

This work investigates the nanomechanical response of
crystalline W during nanoindentation tests by performing MD
simulations with different interatomic potentials: traditional
EAM, EAM with ZBL corrections, modified EAM (MEAM),
analytic bond-order potential (ABOP), and a recently devel-
oped tabulated Gaussian approximation potential (tabGAP).
The study analyzes the dislocation nucleation and evolution
mechanisms for each approach at different temperatures and
loading rates. The nanoindentation loading process is char-
acterized by recording load-displacement curves, dislocation
densities, and atom displacement mapping. The comparison
of the potentials shows similarities in stress-strain curves,
but differences are observed while describing the nanocon-
tact mechanisms between the indenter tip and the surface.
Dislocation nucleation mechanisms are differently modeled
by the approaches, where prismatic loop nucleation is highly
affected by the surface, stacking faults, and dislocation glide
energies information for each method. It is also worth not-

FIG. 12. Screw in (a) and junction in (b) dislocation glide
1/2(111){110} energy of crystalline W by NEB method for different
MD potentials. We compare to reported results by QM/ML calcula-
tions [59].

ing that the computational time and resources required for
performing MD simulations can vary significantly depending
on the chosen interatomic potential. The tabGAP simulations
were found to be slower than EAM-based simulations, but
provided a better modeling for mechanical testing.

A general conclusion is that nanomechanical tests can
be modeled by several interatomic potentials, with similar
load-displacement and stress-strain curves, but dislocation
dynamics depends on the approach used being exhibited
by NEB calculations of screw and edge dislocation glide
of 1/2〈111〉{110} and junction 〈100〉{001} and 〈100〉{110}
energies, and stacking fault energies showing that tabGAP
simulations can emulate the nanoindentation test as close as
possible to experiments. In our future work, we will inves-
tigate the nanomechanical response of chemically complex
BCC metals under external load by using recently developed
tabGAP potentials that can be compared to experimental SEM
and TEM images.
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APPENDIX: DEFECTS IDENTIFICATION

In order to identify the defects in nanoindentation simula-
tions, we apply the BCC Defect Analysis (BDA) developed by
Möller and Biztek [53], which utilizes coordination number
(CN), centrosymmetry parameter (CSP), and common neigh-
bor analysis (CNA) techniques to detect typical defects found
in bcc crystals. Then, BDA compares the CN and CSP values
of each atom that is not in a BCC perfect lattice point accord-
ing to CNA or has a CN of 14 with empirically determined
values for common defects such as surfaces, vacancies, twin
boundaries, screw dislocations, {110} planar faults, and edge
dislocations.

The results of the BDA technique used to identify defects
in the plastic region beneath the indenter tip of the (001) W
sample at 300 K with MD simulation performed by tabGAP
are presented in Fig. 13. The developers of BDA have reported
that the line direction of screw dislocations corresponds to the
shearing direction for producing a deformation twin, making
it impossible to differentiate their characteristics from those of
twin boundaries. However, since dislocations are line defects,

FIG. 13. Defects in the plastic region beneath the indenter tip at
the maximum depth of the (001) W sample were identified using the
BCC defect analysis (BDA) technique.

they can easily be distinguished from planar twin structures by
comparing their dimensionalities. Although this comparison
is not yet implemented in the BDA algorithm, precise defect
identification is performed by visual inspection of the analysis
output mainly observed beneath the indenter tip. Additionally,
CNA can detect twinning dislocations as bcc and character-
ize them by a relatively high CSP (>8) but less than nine
perfect bcc neighbors. Atoms near twin boundaries that lack
one neighbor atom have either a low CSP (<1) but four 14-
coordinated neighbors with CSP > 8 or a relatively high CSP
(>4.5) and a fixed number of perfect, 13-, and 14-coordinated
neighbors. This methodology was utilized to identify twin
boundaries in our simulation, and it may be the reason why
twinning was challenging to model using traditional EAM-
based methods.
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We report the analysis of the dislocation nucleation and slip traces for different crystal orientations and 

methods. 

011 crystal orientation 

  
Figure 1 LD curves and dislocation density for the 011 crystal orientation by different methods 

 

 
Figure 2. Pile ups and slip traces formed at maximum indentation depth and after unloading process 
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Figure 3. Dislocation loops and atomic shear strain mapping at maximum indentation depth for the [011] crystal orientation. 

Structural analysis 
BDA method applied to tabGAP simulations for the (001) orientation at 300K. 

 

Figure 4. (Color on-line) Defects in the plastic region beneath the indenter tip at the maximum depth of the (001) W sample were 

identified using the BCC Defect Analysis (BDA) technique 
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111 crystal orientation 

  

Figure 5 LD curves for the 011 crystal orientation by different methods 

 
Figure 6. Pile ups and slip traces formed at maximum indentation depth and after unloading process 

 
Figure 7. Dislocation loops and atomic shear strain mapping at maximum indentation depth for the [111] crystal orientation 
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Figure 8 Displacement of (001) W at 77K 

Principal shear stress 

 

 

Figure 9 Principal shear stress for tabGAP simulations used to calculate maximum shear stress 
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A B S T R A C T

Material characterization in nano-mechanical tests may provide information on the potential heterogeneity
of mechanical properties. Here, we develop a robust neural-network interatomic potential (NNIP), and we
provide a test for the example of molecular dynamics (MD) nanoindentation, and the case of body-centered
cubic crystalline molybdenum (Mo). We employ a similarity measurement protocol, using standard local
environment descriptors, to select ab initio configurations for the training dataset that capture the behavior
of the indented sample. We find that it is critical to include generalized stacking fault (GSF) configurations,
featuring a dumbbell self-interstitial on the surface, to capture dislocation cores, and also high-temperature
configurations with frozen atom layers for the indenter tip contact. We develop a NNIP with distinct dislocation
nucleation mechanisms, realistic generalized stacking fault energy (GSFE) curves, and an informative energy
landscape for the atoms on the sample surface during nanoindentation. We compare our NNIP results with
nanoindentation simulations, performed with three existing potentials – an embedded atom method (EAM)
potential, a gaussian approximation potential (GAP), and a tabulated GAP (tabGAP) potential – that predict
different dislocation nucleation mechanisms, and display the absence of essential information on the shear
stress at the sample surface in the elastic region. Finally, we compared our NNIP nanoindentation results with
experiments, showing reliable predictions for reduced Young’s modulus and observable slip traces.

1. Introduction

Nano-mechanical tests serve as essential tools for probing the me-
chanical properties of materials at the nanoscale. Techniques such as
nano-tensile/compression [1–3], nanoindentation [4–11], and creep
testing [12] play a pivotal role in revealing the intrinsic properties
of materials. This understanding, in turn, facilitates the design and
production of innovative materials capable of functioning in extreme
environments. These tests involve subjecting the material to controlled
strain/stress at the nanoscale, enabling researchers to gain valuable
insights into its mechanical response. This knowledge is crucial in the
field of defect physics, as nano-mechanical tests provide a means to in-
vestigate the mechanisms of defects nucleation and their impact on the
mechanical performance of materials under extreme conditions. In this

∗ Corresponding author at: NOMATEN Centre of Excellence, National Center for Nuclear Research, ul. A. Sołtana 7, 05-400 Swierk/Otwock, Poland.
E-mail address: Amirhossein.Naghdi@ncbj.gov.pl (A.D. Naghdi).

study, we aim to present a comprehensive method for simulating nano-
mechanical tests, taking nanoindentation as an example, on crystalline
materials using neural-network interatomic potentials (NNIPs).

Nano-mechanical test techniques find application in several areas
of materials science. Specifically, in situ techniques [13,14] contribute
significantly to the understanding of material deformation under con-
trolled applied stress or strain, while the specimen is simultaneously
observed/measured by electron microscopic devices. These method-
ologies play a pivotal role in exploring materials properties at the
nano scale, offering insights into the intrinsic properties of materials,
such as the strength of each crystalline grain. Furthermore, these
techniques prove invaluable in investigating temperature-related de-
formation mechanisms inherent in crystalline materials. The focus of
this paper is on nanoindentation testing, a widely utilized method for
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assessing material properties on open surfaces. This technique yields
results for various properties, encompassing hardness, strength, dis-
location nucleation mechanisms, dislocation density, grain boundary
effects, and dislocation junction formations [15–24]. However, it is
essential to note that nanoindentation testing involves intricate defect
nucleation mechanisms and plastic deformations, rendering accurate
modeling a formidable challenge within the realm of computational
materials science.

Various computational methods, such as finite element methods
(FEM) [25–27], discrete dislocation dynamics (DDD) [28–32], and
molecular dynamics (MD) [33–37], are employed for modeling nano-
mechanical testing. In FEM, numerical solutions to differential equa-
tions in mathematical models are used to approximate and analyze the
complex behavior of materials. While FEM and DDD methods prove
useful in specific scenarios, they lack atomic-level precision, thereby
falling short of achieving the desired level of accuracy. On the other
hand, MD simulations can provide atomic-level insights into the dislo-
cation dynamics of materials, given the use of interatomic potentials
finely tuned for nano-mechanics in the simulations.

Machine-learned force fields (MLFFs) [38–47] offer a reliable method
for modeling nano-mechanical tests with high precision. Various MLFF
types, such as Gaussian Approximation Potentials (GAP) [39] and its
tabulated version (tabGAP) [48], as well as active learning meth-
ods [49,50], are available in the literature. In addition, NNIPs exhibit
exceptional accuracy in predicting atomic energies and forces [42,51–
56], overcoming the time and system size limitations inherent in
traditional ab initio molecular dynamics (AIMD) simulations. Given
the ability of NNIPs to learn complex functions, such as the energy
landscape of an extended dislocation in a metallic crystal, they prove
to be excellent tools for modeling nano-mechanical testing simulations.
MLFFs have been successfully applied to various problems, including
catalysis [57,58], point defects modeling [59,60], multi-component
materials modeling [61,62], and multi-phase systems [45], demon-
strating their versatility. However, the exploration of nano-mechanical
testing simulations using MLFFs is an area that remains to be fully
explored.

In this paper, we present a study focused on the development of
a robust NNIP by enhancing a starting dataset sourced from the litera-
ture [63] within the PANNA (Properties from Artificial Neural Network
Architectures) framework [64]. While more complex models, such as
MACE [55], offer improved accuracy, we chose PANNA to strike a bal-
ance between accuracy and simulation performance. We compare the
Behler–Parrinello (BP) descriptor vectors [38] of the training dataset
with those of a single crystal BCC Molybdenum configuration, indented
with an embedded atom model (EAM) potential [65], to determine
how closely the training dataset resembles the indentation process. This
method is inspired by studies, such as those referenced in [66,67] ,
which utilize similarity measurements in the development of MLFFs. To
improve the accuracy of the potential, we introduce high temperature
configurations with a frozen layer and generalized stacking fault (GSF)
configurations with a self-interstitial on the gamma surface. These
configurations are designed to closely mimic atoms in the dislocation
cores, on the surface, and under the indenter tip. Our results show
that including these configurations in the training dataset reduces the
distance between the atoms the potential is trained on and the indented
sample. Finally, we present the results of an MD nanoindentation
simulation using the potential trained with the modified dataset.

2. Methods

2.1. Descriptor parameters

In this work, PANNA: Properties from Artificial Neural Network
Architectures [64], which utilizes Tensorflow [68] to train/evaluate
fully-connected feed-forward NNIPs, is used to develop the interatomic

Table 1
Values of the parameters that appear in the definition of
the radial and angular G-vectors, Eqs. (1), (2), (3). Where
a number of components is given, the values are equispaced.
Descriptor parameter Symbol Value

Radial component:
Radial exponent (Å−2) 𝜂𝑟𝑎𝑑 32
cutoff (Å) 𝑅𝑟𝑎𝑑

𝑐 5
Number of 𝑅𝑠 radial 𝑅𝑟𝑎𝑑

𝑠 24
Angular component:
Radial exponent (Å−2) 𝜂𝑎𝑛𝑔 16
cutoff (Å) 𝑅𝑎𝑛𝑔

𝑐 5
Number of 𝑅𝑠 angular 𝑅𝑎𝑛𝑔

𝑠 8
Angular exponent 𝜁 128
Number of 𝜃𝑠 𝜃𝑠 16

potential, with the modified version of Behler–Parrinello (mBP) de-
scriptors [38,69]. The mBP representation generates a fixed-size vector
(the G-vector) for each atom in each configuration of the dataset. Each
G-vector describes the environment of the corresponding atom of the
configuration to which it belongs, up to a cutoff radius 𝑅𝑐 . Although
higher dimensional G-vectors lead to a more accurate representation
of the target potential energy surface, oversized ones increase the MD
simulation computational cost. In terms of the distances 𝑅𝑖𝑗 and 𝑅𝑖𝑘 of
the atom 𝑖 from its neighbors 𝑗 and 𝑘 and the angle subtended by those
distances 𝜃𝑖𝑗𝑘, the radial and angular G-vectors are given by:

𝐺𝑟𝑎𝑑
𝑖 [𝑠] =

∑

𝑖≠𝑗
𝑒−𝜂(𝑅𝑖𝑗−𝑅𝑠)2𝑓𝑐 (𝑅𝑖𝑗 ) (1)

𝐺𝑎𝑛𝑔
𝑖 [𝑠] = 21−𝜁

∑

𝑗,𝑘≠𝑖
[1 + 𝑐𝑜𝑠(𝜃𝑖𝑗𝑘 − 𝜃𝑠)]𝜁

× 𝑒−𝜂[
1
2 (𝑅𝑖𝑗+𝑅𝑖𝑘)−𝑅𝑠]2𝑓𝑐 (𝑅𝑖𝑗 )𝑓𝑐 (𝑅𝑖𝑘)

(2)

where the smooth cutoff function (which includes the cutoff radius 𝑅𝑐)
is given by:

𝑓𝑐 (𝑅𝑖𝑗 ) =

⎧

⎪

⎨

⎪

⎩

1
2

[

cos
( 𝜋𝑅𝑖𝑗

𝑅𝑐

)

+ 1
]

, 𝑅𝑖𝑗 ≤ 𝑅𝑐

0, 𝑅𝑖𝑗 > 𝑅𝑐

(3)

and 𝜂, 𝜁 , 𝜃𝑠 and 𝑅𝑠 are parameters, different for the radial and angular
parts. Table 1 shows all values selected for the descriptor parameters in
this study. The choice of the cutoff value is made so that it covers up to
three nearest neighbors of the center atom in the BCC Mo, which has
a lattice constant of 𝑎 = 3.17 Å, and thus the third nearest neighbor’s
distance is 𝑎 ×

√

2 = 4.48 Å. The length of the G-vector for a single
element system is

|𝐺𝑖[𝑠]| = (𝑅𝑎𝑛𝑔
𝑠 × 𝜃𝑠) + 𝑅𝑟𝑎𝑑

𝑠 , (4)

which leads to a G-vector of length 152, given the parameters reported
in Table 1.

2.2. Similarity measurements

In this study, a distance-based criterion, inspired by [66,67], is
utilized to quantify the similarity between two distinct configurations.
This criterion is subsequently extended to evaluate the closeness of two
disparate datasets to one another. Consider two configurations, labeled
as 𝛼 and 𝛽, with 𝑛 and 𝑚 atoms per supercell, respectively. The distance
matrix for the two configurations, 𝑫𝜶𝜷 , has a 𝑛×𝑚 dimension and each
element of the matrix is the euclidean distance of atom 𝑖 in 𝛼 to atom
𝑗 in 𝛽:

𝐷𝛼𝛽
𝑖,𝑗 = ‖

‖

‖

𝐺𝛼
𝑖 [𝑠] − 𝐺𝛽

𝑗 [𝑠]
‖

‖

‖2
(5)

Where 𝑖 ∈ {1, 2,… , 𝑛} and 𝑗 ∈ {1, 2,… , 𝑚}, and each 𝐺[𝑠] is a 152
dimensional vector, as explained in the previous section. Given this
matrix, we can compute the minimum distance of each atom 𝑖 in
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Table 2
The original dataset from [63], showing 𝑁𝑠 as the number of structures,
𝑁𝑎𝑡 as the number of atoms per configuration, and 𝑁𝑠𝑒𝑙 as the number of
selected configurations in the final dataset. The structure types in bold
have been added to the original dataset.
Structure type 𝑁𝑠 𝑁𝑎𝑡 𝑁𝑠𝑒𝑙

Isolated atom 1 1 None
Dimer 19 2 None
Slice sample 1996 1 All
Distorted BCC 547 2 All
A15 100 8 None
C15 100 6 None
HCP 100 2 All
FCC 100 1 None
Diamond 100 2 None
Phonon 50 54 All
Self-interstitials (SIA) 32 121 14
di-Self-interstitials 14 122–252 All
Simple Cubic 100 1 None
Vacancy 210 53 All
di-Vacancy 10 118 All
tri-Vacancy 14 117 All
Liquid 45 128 None
Short range 90 53–55 None
Surface (100) 45 12 All
Surface (110) 45 12 All
Surface (111) 41 12 All
Surface (112) 45 12 All
Liquid Surface 24 128 All
𝛾-surface 178 12 All
GSFCs 100 18 All
GSFCs + SIA 100 55 All
Pileup 1000 32 All
HT + substrate 600 54–72 All

configuration 𝛼 from any atom 𝑗 in configuration 𝛽, and we define the
similarity measure from 𝛼 to 𝛽 as the maximum among these minima,
i.e.:

𝐷𝛼𝛽 = max
𝑖

min
𝑗

𝐷𝛼𝛽
𝑖,𝑗 . (6)

It must be noted that this final quantity is not a proper distance, but
a non-symmetric quantity giving us the ‘‘similarity measure’’ method,
explained in this section, is subsequently employed to gain insights
from the initial dataset. This also includes exploring ways to enhance
the dataset through innovative configurations, specifically in relation to
an indented supercell. For instance, one can compute the average of all
𝐷𝛼𝛽 values between atoms from two distinct datasets or configuration
types within a dataset. This calculation provides an indication of the
degree of (dis)similarity between considered datasets/configuration
types. The same goes for measuring the similarity of a dataset to a
targeted simulation, which in our case is an indented sample.

2.3. Dataset evaluation and improvement

As a starting point, we used a dataset [63] originally developed
to train a MLFF within the GAP framework [39,70]. The objective
was to determine whether this dataset accurately represents the atomic
configurations occurring during nanoindentation simulations, for which
we employed an EAM potential [65]. We then analyzed the obtained
data to determine the degree of similarity between the atomic config-
urations in the dataset and those observed during the nanoindentation
simulations.

This level of similarity is evaluated by identifying which atom 𝑗 in
the dataset has the minimum distance to each atom 𝑖 in the indented
sample. The obtained value corresponds to the largest minimum distance
for each atom in the indented sample from all the atoms in the dataset.
The concept of ‘‘distance’’ for two atoms 𝑖 and 𝑗, refers to the 𝑙2-
norm of 𝐺𝑖[𝑠] − 𝐺𝑗 [𝑠], where 𝐺[𝑠] are the fixed-size mBP descriptor
vectors [38,69], as discussed in the previous sections. To further ana-
lyze the similarity measurement method, we calculated the distances

of sheared BCC configurations from a perfect BCC crystal (Fig. S10
in the supplementary material (SM)). It is shown that as the applied
strain increases, the distance values also increase. This aligns with
intuitive expectations, validating our similarity measurement method.
To this end, we compared the configuration types present in the dataset
to those of all atoms identified in the indented sample and drew
conclusions based on the level of correspondence between the two sets.
Through this analysis, we aimed to gain insights into the suitability
of the selected dataset for studying nanoindentation behavior and
identifying the underlying mechanisms governing it.

To generate a suitable dataset for training a NNIP targeted at
nanoindentation simulations, it is crucial to ensure that the config-
urations included accurately represent the three essential regions of
a sample under indentation. These regions include the atoms on the
surface of the sample, which correspond to the pileup patterns, the
atoms situated beneath the indenter tip that undergo significant plastic
deformation, and the atoms located on the nucleated dislocation cores.
The evaluation of these three critical regions and development of
configurations that closely resemble them can serve as a benchmark
for ML potentials for other BCC materials.

Before comparing the original dataset with the indented sample,
we calculated the average minimum distance between each pair of
configuration types and generated a correlation figure to visualize their
proximity (Fig. 1(a)). It is evident from this figure that although the
isolated atom and dimer configurations are quite distant from almost all
other configurations, they are relatively close to the indented samples.
However, these configurations were not included in the final dataset
due to their low numbers (1 and 19, respectively), which were deemed
insufficient for training a NNIP. Moreover, the A15, simple cubic (sc),
diamond (dia), liquid and C15 configurations were removed from the
final dataset as they were located at a distance beyond the set threshold
from the indented configurations, with simple cubic, diamond, and C15
configurations having the largest distance. Furthermore, we excluded
short-range configurations from the final dataset because their energies
varied significantly (Fig. S1(a) in the SM), leading to training difficul-
ties. Finally, to reduce computational cost, we kept only half of the
self-interstitial configurations in the final dataset. Table 2 summarizes
all modifications made to the original dataset.

Several methods can be employed to determine a ‘‘good’’ threshold
for deciding whether to keep or remove a particular configuration from
the dataset, based on its similarity to the indented configuration. In this
study, we have chosen to use the start of the tail of the distribution
of the minimum values in the dataset distance matrix as the threshold,
which is approximately 6 based on Fig. 1(b). Fig. 1(b) also demonstrates
that this value is consistent with the minimum distances between the
dataset configurations and all three orientations of the indented sam-
ples. All decisions regarding whether to keep or remove a configuration
from the final dataset in this study are based on this threshold.

To ensure the accuracy of the modifications made to the dataset,
we removed one type of configuration from the dataset at a time
and quantified the number of atoms in the indented samples that had
minimum distances greater than 6 from the dataset (Fig. 1(c)). As
our analysis show, the number of atoms with a minimum distance
greater than 6 to the dataset does not increase when A15, diamond,
Face-Centered Cubic (FCC), simple cubic, short range, isolated atom,
and dimer configurations are removed, indicating the dataset’s stability
against the indented samples, whether these configurations are present
in the dataset or not. However, upon removing Hexagonal Close-Packed
(HCP) configurations, the number of atoms with a large distance from
the dataset increases, which is consistent with the fact that the average
minimum distance of HCP configurations to the indented samples
is 5. The greatest increase in the number of atoms with a distance
greater than 6 from the dataset occurs when surface configurations are
removed, which underscores their importance since they represent the
surface in the nanoindentation simulations.
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Fig. 1. Dataset evaluation and stability. (a) Average of minimum distances between different configuration types as well as with the indented samples. (b) Distribution of the
minimum distances of different configurations to the rest of the data points in the dataset and the minimum distances of the dataset with the indented configurations. (c) Effect
of configuration removal from the dataset on the minimum distances of the dataset to the indented sample.

Following the modifications made to the dataset obtained from [63],
attempts were made to enhance its quality by incorporating various
types of configurations and reevaluating the distances of the indented
configuration from the dataset. Among the crucial local environments
that should be included in the dataset are the atoms belonging to the
dislocation cores. Furthermore, it was discovered that the distances of
the atoms beneath the indenter tip and those on the surface exceeded
the selected 6 threshold (Fig. 2(a)). These environments in the indented
samples are critical to be covered in the dataset since dislocation cores
play a vital role in the dislocation dynamics properties, and the atoms
beneath the indenter tip trigger these line defects. Additionally, the
plastic region beneath the surface is responsible for the pile-up patterns
that appear on the surface of the indented configuration. It is also
imperative to incorporate configurations in the dataset representing
atoms on the surface to capture this phenomenon.

In order to model the aforementioned regions of an indented sam-
ple, we explored the use of high-temperature configurations to effec-
tively reduce the distance between the atoms in these areas and the
dataset, as depicted in Fig. 2(b). Nevertheless, accounting for the atoms
beneath the indenter tip and on the surface requires the inclusion
of a layer of frozen atoms in the high-temperature configurations
that emulate the contact of the sample with the indenter tip. The
addition of 1000 isothermal–isobaric ensemble (NPT) high-temperature
configurations with 16 atoms in the 2 × 2 × 2 supercells appeared to
decrease the distances between the atoms on the dislocation cores and
the dataset. We utilized the same approach for the atoms beneath the
indenter tip. In this regard, we introduced 600 configurations, denoted
as ‘‘high temperature (HT) + substrate’’, where a layer of atoms was
frozen while other atoms were heated to high temperatures (under the
melting point). While there are various unique layers of atoms that can
be taken into account as the contact to the substrate, we verified that
300 configurations (3 × 3 × 3) with 54 atoms per supercell – displayed
in the middle figure of Fig. 2-(b) – were adequate and most relevant
after trying different layers of atoms. Additionally, we included 300
configurations (4 × 3 × 3) with 72 atoms per supercell, which featured

a layer of atoms frozen on top. Moreover, it is crucial for a NNIP’s
dataset to incorporate configurations resembling the atoms located on
the surface of the indented sample. To achieve this, we introduced 1000
BCC surface configurations (3 × 3 × 2) with 32 atoms per supercell,
where a layer of atoms was frozen on top while the remaining atoms
were subjected to high temperature. These configurations were named
‘‘pileup’’ in our study and enabled the dataset to account for the atoms
in this region.

Another effective approach to cover the dislocation cores is through
the use of GSFCs that incorporate a self-interstitial atom (SIA) atom on
the surface (as illustrated in Fig. 3(a)). These configurations have been
found to be particularly effective in reducing the distances of atoms on
the dislocation cores from the dataset. While the use of GSFCs without
an SIA on the surface can also reduce distances of atoms beneath the
dislocation cores and on the slipping plane (as shown in Fig. 3(b)), it
may not entirely cover all the atoms on the dislocation core.

Incorporating a SIA on the surface of the GSFCs leads to a significant
decrease in the distances of almost all atoms on the dislocation cores
from the dataset (as demonstrated in Fig. 3(c)). Notably, the use of
GSFCs with a SIA instead of high-temperature configurations solely
for the dislocation cores presents several advantages. For instance, the
distribution of energies of these configurations is narrower, facilitating
the learning process for the network (as depicted in Fig. S1((b) in the
SM). Furthermore, only 100 GSFCs with SIA configurations, as opposed
to the 1000 mentioned for high-temperature configurations, can ease
the process of training the network. Additionally, using GSFCs with
SIA configurations guarantees that no atoms on the dislocation core
will have a distance greater than 6, thus ensuring the closeness of the
distances of these configurations to the dislocation cores.

The visualization of the distances between the atoms in all three
regions of interest and the dataset reveals a significant reduction in
distances after incorporating the high-temperature configurations (see
Fig. 2(c)). The distribution of distances for each region before and after
adding the high-temperature configurations is depicted in Fig. 2(d).
Although a few atoms still have distances greater than 6 under the



Acta Materialia 277 (2024) 120200

5

A.D. Naghdi et al.

Fig. 2. Illustration of the novel configurations discovered in this study, which correspond to distinct regions of an indented sample. The figures are arranged horizontally to
demonstrate the correlation between them. (a) The distances of the dislocation cores, atoms beneath the indenter tip, and pileup atoms on the surface from the original dataset.
(b) The newly detected high-temperature configurations, which are associated with diverse regions of the indented sample, in terms of their distance. (c) The distance of the
aforementioned regions shown in panel (a) after incorporating the newly found configurations to the dataset. (d) The distribution of distances of the aforementioned atoms from
the dataset before and after incorporating the newly introduced configurations.

Fig. 3. The impact of incorporating GSFCs on the distances of atoms on dislocation cores from the dataset. (a) A schematic representation of the GSFCs integrated into the dataset.
(b) Addition of GSFCs reduces the distances of atoms on the slip plane of dislocation cores from the dataset. (c) By including a SIA on the surface of GSFCs, all atoms on the
dislocation cores can be covered. (d) The distribution of atom distances on dislocation cores reveals that GSFCs with SIA can effectively cover dislocation cores.

indenter tip, the number of such atoms has notably decreased after
adding the appropriate configurations. Finally, because we are trying
to develop a NNIP for the case of nanoindentation simulation during
which atoms are compressed under the indenter tip, we added 300
compressed 3 × 3 × 4 configurations with each of them including 72
atoms.

To further investigate the generalization of this distance-based ap-
proach, we calculated the distances of the indented samples acquired
from the final trained NNIP from the final training dataset. The results
are shown in Fig. S8 of the SM. The tail of the distance distributions
is still lower than the threshold distance of 6 for all three regions of
the indented sample. This demonstrates that the distance-based method
used in this work could be expanded to mechanical simulations of at
least other BCC materials.

2.4. DFT calculations

The DFT calculations were performed with the Quantum
Espresso [71,72] (QE) package, using a norm-conserving PBEsol
exchange–correlation functional [73–75] and 14 valence electrons. The
Brillouin zone was sampled using Monkhorst–Pack method [76], and,
from the convergence analysis of Fig. S2 in the SM, the k-point mesh
and plane-wave cutoff energy in a Mo unit-cell were set to 8 × 8 × 8
and 60 𝑅𝑦, respectively. The selected k-point grid was rescaled for
supercells calculations according to their dimension, implying the use
of a 2 × 2 × 2 grid for 4 × 4 × 4 conventional super-cells, and was
set to 1 × 1 × 1 for any bigger configuration. Smearing was introduced
within the Methfessel–Paxton method [77] to help convergence, with a
spreading of 0.00735 𝑅𝑦 (0.1 eV). The structural properties, involving
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elastic constants 𝐶𝑖𝑗 , Bulk modulus 𝐵 (in the Voigt–Reuss–Hill approxi-
mation [78]) and Poisson ratio 𝜈, have been computed running the QE
driver THERMO_PW [79] on a Mo unit-cell.

The total energies of the configurations obtained from [63] were
compared with the values calculated in our work to make sure of their
consistency, which is shown in Fig. S4 of the SM.

2.5. Neural network training

In the PANNA framework, the environmental descriptors of each
atom are provided as input to a fully connected network with two
hidden layers, consisting of 256 and 128 nodes for the first and second
layers, respectively, both with Gaussian activation function, and a
single-node output layer with linear activation. The atomic environ-
ment is represented by a descriptor with 152 components, resulting in
a network with 71808 weights and 385 biases. A batch size of 10 is
utilized for training, while the model is trained using initial random
weights and a constant learning rate of 10−4 throughout the training
process. In this methodology, the energy of a configuration consisting
of 𝑁 atoms is defined as the sum of atomic energy contributions:

𝐸 =
𝑁
∑

𝑖=1
𝐸𝑖(𝐺𝑖), (7)

where 𝐸𝑖 is the energy of atom 𝑖 with a G-vector of 𝐺𝑖. The force on
atom 𝑖 which is situated at position 𝑅⃗𝑖 is given by:

𝐹𝑖 = −
∑

𝑗

∑

𝜇

𝜕𝐸𝑗

𝜕𝐺𝑗𝜇

𝜕𝐺𝑗𝜇

𝜕𝑅⃗𝑖

(8)

with 𝑗 labeling the atoms located within the cutoff distance of atom 𝑖
and 𝜇 labeling the descriptor components.

To optimize the weights and bias parameters of the network, we use
the Adam algorithm [80] to compute gradients of randomly selected
batches of the training dataset. The loss function for optimizing the
network weights, denoted collectively as 𝑊 , consists of two terms, one
for the energy 𝐸 (𝑊 ), and one for the forces, 𝐹 (𝑊 ):

(𝑊 ) = 𝐸 (𝑊 ) + 𝐹 (𝑊 ). (9)

The energy contribution is given by:

𝐸 (𝑊 ) =
∑

𝑠∈batch

[

𝐸DFT
𝑠 − 𝐸𝑠(𝑊 )

]2 (10)

where 𝑠 refers to the atomic configuration, 𝐸𝐷𝐹𝑇
𝑠 is the total energy

calculated from DFT (the target value) and 𝐸𝑠(𝑊 ) is the total energy
predicted by the NNIP. The force contribution is given by:

𝐹 (𝑊 ) = 𝜆𝐹
∑

𝑠∈batch

𝑁𝑠
∑

𝑖=1

|

|

|

𝐹DFT
𝑖;𝑠 − 𝐹𝑖;𝑠(𝑊 )||

|

2
(11)

with 𝐹DFT
𝑖;𝑠 the force obtained from DFT and 𝐹𝑖;𝑠 the force obtained from

the NNIP, for atom 𝑖 in configuration 𝑠; 𝑁𝑠 is the total number of atoms
in configuration 𝑠. The parameter 𝜆𝐹 adjusts the relative contribution
of the force component and was set to 𝜆𝐹 = 0.5.

2.6. Nanoindentation simulations

2.6.1. Simulation method and parameters
To establish boundary conditions along the depth (𝑑𝑧) of the Mo

samples, we divided them into three sections in the 𝑧 direction dur-
ing the initial stage: a frozen section with a width of approximately
0.02×𝑑𝑧, which ensured numerical cell stability; a thermostatic section
about 0.08×𝑑𝑧 above the frozen section, which dissipated heat gener-
ated during nanoindentation; and a dynamical atoms section, where the
interaction with the indenter tip modified the surface structure of the
samples. Furthermore, we included a 5 nm vacuum section at the top
of the sample as an open boundary [6]. We considered the indenter tip

as a non-atomic repulsive imaginary (RI) rigid sphere and defined its
force potential as

𝐹 (𝑡) = 𝐾
(

𝑟(𝑡) − 𝑅
)2 , (12)

where 𝐾 = 236 eV/Å3 (37.8 GPa) was the force constant, and 𝑟(𝑡) was
the position of the center of the tip as a function of time, with a radius
𝑅 = 3 nm. In experiments, a Berkovich tip is used, which is spherical
at the edge, matching our simulations and depth range studied [81].
We conducted molecular dynamics (MD) simulations using an NVE
statistical thermodynamic ensemble and the velocity Verlet algorithm
to emulate an experimental nanoindentation test. The 𝑥 and 𝑦 axes had
periodic boundary conditions to simulate an infinite surface, while the
𝑧 orientation had a fixed bottom boundary and a free top boundary in
all MD simulations [20,34].

In our simulations, we chose 𝑟(𝑡) = 𝑥0𝑥̂ + 𝑦0𝑦̂ + (𝑧0 ± 𝑣𝑡)𝑧̂, where
𝑥0 and 𝑦0 were the center of the surface sample on the 𝑥𝑦 plane, and
𝑧0 = 0.5 nm was the initial gap between the surface and the indenter
tip. The tip moved with a speed of 𝑣 = 20 m∕s with a time step of 𝛥𝑡 = 1
fs. We chose the maximum indentation depth to be 2.0 nm to avoid the
influence of boundary layers in the dynamical atoms region.

2.6.2. Nanomechanical response of the material
The elastic nanocontact during loading process, 𝑃H, is characterized

by a Hertz fitting curve based on the sphere-flat surface contact and
expressed [34,82] as:

𝑃H = 4
3
𝐸Hertz𝑅

1∕2ℎ3∕2, (13)

where 𝑅 is the indenter radius, ℎ is the indenter displacement, and
𝐸Hertz is the reduced Young’s modulus. Meanwhile, the contact pres-
sure, 𝑃 , is calculated by using a linear elastic contact mechanics for-
mulation [5,34]:

𝑃 = 2𝜋

[

24𝑝
(

𝐸Y𝑅
1 − 𝜈2

)2
]1∕3

, (14)

with 𝐸𝑌 as the Young’s modulus, 𝑝 as the simulation load, 𝑅 the
indenter radius, and 𝜈 the Poisson’s ratio; the radius of the contact area
is obtained with the geometrical relationship:

a(ℎ) =
[

3𝑃𝑅
(

1 − 𝜈2
)

∕8𝐸Y
]1∕3 (15)

which is related to the inner radius of the plastic region where the
defects nucleate. These quantities provide an intrinsic measure of the
surface resistance to a specific defect nucleation process [5,34], and
yield to a universal linear relationship between 𝑃∕𝐸𝑌 and 𝑎(ℎ)∕𝑅𝑖 given
by

𝑃
𝐸𝑌

= 0.844
1 − 𝜈2

𝑎(ℎ)
𝑅𝑖

, (16)

where 𝑎(ℎ)∕𝑅𝑖 can be considered as the nanoindentation strain.
To determine the strength and stability of the Mo matrix under load,

we compute the principal stress applied on the 𝑧 direction as [9] :

𝜎𝑧𝑧 = −
[(

1 −
arctan(𝛼)

𝛼

)

(1 + 𝜈) − 1
2(1 + 1∕𝛼2)

]

, (17)

where the quantities  and 𝛼 are defined as:

 =
3𝑃ave

2𝜋a(ℎ)2
, 𝛼 =

a(ℎ)
ℎ

.

with ℎ as the indentation depth and 𝑎(ℎ) the contact area between
the indenter tip and the top atomic layers. The stress applied in the
direction parallel to the indenter surface is then expressed as:

𝜎𝑥𝑥 = 𝜎𝑦𝑦 = − 
1 + 1∕𝛼2

(18)

This gives the maximum shear stress:

𝜏max =
1
2
(

𝜎𝑧𝑧 − 𝜎𝑥𝑥
)

, (19)
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Fig. 4. Prediction of the Energies and forces for the validation set during the NNIP
training.

that the material can withstand before it begins to undergo plastic
deformation, being normalized by the applied pressure (equal to the
applied force 𝐹 divided by the contact area). The normalized depth is
the distance from the surface of the material to the point at which the
maximum shear stress occurs, normalized by the radius of the indenter
that is used to apply the shear forces.

2.6.3. Defect analysis
In order to identify the defects in nanoindentation simulations,

we apply the BCC Defect Analysis (BDA) developed by Möller and
Biztek [83] which utilizes coordination number (CN), centrosymmetry
parameter (CSP), and common neighbor analysis (CNA) techniques to
detect typical defects found in bcc crystals. The characterization of
the materials defects starts by calculating CN, CSP, and CNA values
of all the atoms by considering a cutoff radius of (1 +

√

2)∕2𝑎0 with
𝑎0 as the lattice constant of Mo. Thus, the six next-nearest neighbors
of perfect bcc atoms are into this cutoff and their CN value increases
from 8 to 14. Consequently, BDA compares the CN and CSP values
of each atom generating a list of non-bcc neighbors with CNA≠bcc
and CN≠14 that classifies for the following typical defects: surfaces,
vacancies, twin boundaries, screw dislocations, {110} planar faults, and
edge dislocations.

2.6.4. Md simulation post-processing
All visualization of the simulations was performed using OVITO

[84]. The surface areas for surface energy calculations were obtained
using the ‘‘construct surface mesh" tool [85] in OVITO.

3. Results

3.1. NNIP validations

3.1.1. NNIP predictions for energies and forces
We assessed the accuracy of the trained NNIP by calculating the root

mean square error (RMSE) for both energies per atom (E-RMSE) and
forces components (F-RMSE) at each checkpoint saved during training.
To ensure the reliability of the final model on unseen data, 10% of
configurations of each structure type were reserved for validation prior
to training. Fig. 4 shows that both the F-RMSE and E-RMSE decrease
gradually as the network processes more data, reaching a plateau after
850 K training steps with minimum values of 9.2 meV/atom and 0.16
eV/Å, respectively.

The error distribution for both energies and forces are shown in the
histogram plot of Fig. 5(a,b). The two islands in Fig. 5(a) are due to
the energy difference between the pure and defected crystals. Also, the
presence of three clusters in Fig. 5(b) is due to the large forces on the
atoms in the defected configurations.

Fig. 5. NNIP error on (a) total energies and (b) forces of each atom.

3.1.2. Bulk validation
Next, we compare the elastic properties of the NNIP with both DFT

and experimental results, as well as to those predicted by other inter-
atomic potentials, such as GAP, tabGAP, and the EAM/FS potential,
to evaluate the NNIP performance relative to other commonly used
potentials. Table 3 summarizes the results of the comparison, explicitly
reporting percentage errors with respect to the experimental values.
The NNIP performs well for 𝐶11, 𝐶44 and 𝐵, with percentage errors
below 8% and in similar magnitude to GAP and EAM predictions. We
here stress that the accurate prediction of the shear modulus, 𝐶44, is
crucial for simulating the stresses that are applied to the surface of the
sample during nanoindentation, and, following the good results of EAM
and GAP for this measure, the NNIP proves itself to be promising for
such applications. While the largest error for the NNIP concerns the
prediction of 𝐶12, it can still be considered within a reasonable range
as it does not exceedingly influence the prediction on 𝐵.1

3.1.3. NNIP accurately predicts generalized stacking fault energies (GSFE)
Finally, we compare the NNIP predictions for the GSFE against the

DFT results, as well as other interatomic potentials mentioned in this
work. The study focuses on the two most important slip systems of BCC
crystals, namely the {110}⟨1̄11⟩ and {121}⟨1̄11⟩ families. The results
were obtained for these directions in pure crystals. Additionally, since
it was observed from Fig. 3 that {110}⟨111⟩ GSF configurations with
a ⟨111⟩ dumbbell interstitial on the surface are essential to cover the
atomic environments of the dislocation core in terms of their distance

1 We here remind that 𝐵 = 1
3
(𝐶11 + 2𝐶12).
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Table 3
Elastic constants 𝐶𝑖𝑗 , bulk modulus 𝐵, and Poisson ratio 𝜈, as obtained with the GAP, tabGAP, EAM/FS and the NNIP potentials
compared to DFT done in this work and experimental data. In parenthesis is reported the modulus of the percentage error
with respect to the experimental value.

GAP tabGap EAM NNIP DFTa DFTb Expc

𝐶11 (GPa) 478 (3.02%) 494 (6.47%) 465 (0.22%) 452 (2.59%) 459 468 464
𝐶12 (GPa) 166 (4.40%) 146 (8.18%) 161 (1.26%) 121 (23.90%) 162 155 159
𝐶44 (GPa) 108 (0.92%) 87 (20.18%) 109 (0%) 111 (1.83%) 97 100 109
𝐵 (GPa) 270 (8.00%) 262 (4.80%) 263 (5.20%) 231 (7.60%) 262 – 250
𝜈 0.26 (10.34%) 0.23 (20.69%) 0.26 (10.34%) 0.21 (27.59%) 0.30 – 0.29

a This work.
b Ref. [63].

c Ref. [86].

Fig. 6. Generalized Stacking Fault Energy (GSFE) for single crystalline Molybdenum
for: (a) {110}⟨1̄11⟩ and (b) {211}⟨1̄11⟩. (c) The GSFE curve for the ‘‘GSFCs + SIA’’
configurations.

to the indented samples, we also calculated and compared the GSFE for
these configurations.

Fig. 6 shows that all potentials predict the GSFE very accurately for
both slip system families and pure crystals. However, EAM/FS displays
errors of about 50% and 32% for the peak of the curve for {110}⟨1̄11⟩
and {121}⟨1̄11⟩ slip families, respectively. The configurations associated
with these curves are crucial, as they represent the atoms on the slip
plane of an indented sample, as illustrated and discussed in Fig. 3.
While it is important for an interatomic potential to accurately predict
the GSFE curve for reliable dislocation modeling, it is equally crucial for
the potential to correctly predict the energies and forces on the atoms
for the dislocation cores. Therefore, in addition to the GSFE curves for
pure crystals, we calculated the GSFE curve for configurations with a
⟨111⟩ dumbbell interstitial on the surface. As depicted in Fig. 6(c), NNIP
is the potential that best predicts these energies, indicating the accurate
simulation of dislocation dynamics during nanoindentation. In contrast,
GAP and EAM potentials showed errors of 40% and tabGAP showed an

Fig. 7. Load–displacement curves for different crystal orientations, incorporating a
Hertz fitting curve in the elastic region. The obtained values for the reduced Young’s
modulus are consistent with results from various computational approaches and
experimental data [90]. Specifically, the (001), (011), and (111) crystal orientations
show good agreement between experimental and simulated values, highlighting the
accuracy of the developed interatomic potential, NNIP method, and ML-based atomistic
approach in predicting mechanical properties.

error of 20% against DFT results, indicating their inability to accurately
predict these values. This is discussed further in the following section.

In Table S1 and Table S2 of the Supplementary Information, we
report a comparison in the prediction of the Critical Resolved Shear
(CRS) Peierls barrier and stress for the different potentials with respect
to DFT level for two different Mo sample orientations. The results were
obtained using the PNADIS [87] automated Peierls–Nabarro [88,89]
analyzer for dislocation core structure and slip resistance. Among the
inputs for the calculation are: the Poisson ratio and the Shear modulus
(reportend in the Table), the burger vector and the GSFE for each
potential. As it can be observed, for the {110}⟨1̄11⟩ Mo sample the NNIP
provides the best energy barrier and stress predictions in comparison
to DFT-accuracy. While the GAP and EAM potential underestimate in
a similar way the result, tabGAP fails to capture a valuable estimate
with substantial overestimates. For the {211}⟨1̄11⟩ Mo sample, similar
observations can be made, with the exception of the NNIP result being
close to the GAP and EAM overestimates.

3.2. Nanoindentation MD simulations

3.2.1. NNIP achieves experimentally accurate results in the hertzian regime
In Fig. 7, the load–displacement curves for the three main crystal

orientations are presented, including a Hertz fitting curve in the elastic
region [82]. The obtained values for the reduced Young’s modulus
align well with results from other computational methods and exper-
imental data [20,90]. Specifically, for the (001) crystal orientation,
the experimental value is 327 GPa, while our MD simulation with
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Fig. 8. Hertzian calculation of normalized maximum shear stress by the applied
pressure, 𝜏max∕𝑃 , as a function of normalized depth for main crystal orientations.
Surface information is needed in the interatomic potentials to model nanoindentation
induced plasticity in the range of 0.0 to 0.475 𝑑∕𝑎. To aid the interpretation of the
results, the values for EAM/FS were shifted by −0.1, the values for GAP were shifted
by +0.2, and the values for tabGAP were shifted by +0.1 (all values in units of 𝜏max∕𝑃 ).

the developed NNIP yields 325 GPa. For the (011) orientation, the
experimental value is 321 GPa, and NNIP method results in 320 GPa.
Lastly, for the (111) orientation, the experimental value is 309 GPa, and
our ML-based atomistic approach gives 310 GPa. Although these results
are in excellent agreement with experimental data, the behavior of the
loading curve can be obtained in a similar way by other interatomic
potentials, as discussed in our previous work [34].

3.2.2. NNIP provides an informative surface energy landscape
In Fig. 8 we show results for the normalized maximum shear stress

𝜏max∕𝑃 which is a dimensionless quantity, with 𝑃 being the applied
pressure (Eq. (14)) and 𝜏max the shear stress (Eq. (19)) calculated
by using a linear elastic contact mechanics formulation [5,34], as a
function of the displacement 𝑑 for [001], [011], and [111] main crystal
orientations [34]. A detailed explanation of the normalized shear stress
calculation is provided in the Methods section. Our MD simulations
report enough surface energy to model the nanoindentation induced
plasticity as observed at distances close to the sample surface regardless
of the crystal orientation, which is challenging for traditional and
current ML interatomic potentials for BCC Mo. The modeling of the
nanocontact of the indenter tip and the top atomic layers of the surface,
from 0 to ∼ 0.3 𝑑∕𝑎 range with 𝑑 the indentation depth and 𝑎 the
contact area, is important due to the nucleation of dislocation being
dependent on this mechanisms.

The GAP simulations provide valuable insights into the interaction
between the indenter tip and the top layer atoms for the (001) and
(011) orientations. However, for the (111) orientation, this information
is lacking, resulting in a limitation in accurately modeling the nanoin-
dentation test before the yield point. This limitation arises due to the
absence of the relevant atomic configurations in the training data for

this specific potential. As a consequence, the tabGAP simulations follow
a similar trend for the (111) orientation, reflecting the lack of detailed
information on the interaction between the tip and the surface atoms.

In contrast, the NNIP simulations incorporate sufficient information
on surface structures, allowing for a more accurate representation of the
contact area. This is particularly important as the contact area depends
on the applied load. The computed force between the tip and the atoms
comprising the contact area is well-modeled in the NNIP simulations.
The difference in spacing between data points in the elastic part of
the graph is attributed to variations in the loading force, pressure,
and maximum shear stress, which are considered in the contact area
analysis. In addition, accurately describing the interaction between the
indenter tip and the topmost atomic layers during the initial stages of
nanoindentation loading is crucial for analyzing the effect of loading
rate on the pop-in event. This is because the initial interaction can
significantly influence the critical load required for pop-in to occur.
Our NNIP simulations successfully captured the decrease in critical
load with increasing loading rate (Fig. S7 in the SM), as observed
experimentally [16] for different materials and in our previous work
for BCC metals [34]. This suggests that NNIP effectively models the
influence of the early-stage interaction on pop-in behavior. In contrast,
the TabGAP simulations predicted a constant critical load regardless of
loading rate, as shown in the supplementary material.

3.2.3. NNIP achieves experimentally accurate results for slip traces
In Fig. 9, we compare the results from NNIP simulations with exper-

imental observations obtained via scanning electron microscopy (SEM)
coupled with electron backscatter diffraction (EBSD) [90]. The experi-
mental setup involved indenting a (001) Mo grain using a Berkovich tip.
The computational modeling accounts for the Berkovich tip’s round-
ness, which typically has a radius ranging from 50 to 100 nm, enabling
a comparison with the early stages of nanoindentation. Upon com-
paring the MD simulation results obtained with different potentials to
the experimental data, we find that the propagation of the slip trace
along the [-110] direction closely resembles the four-folded rosette
pattern observed in the MD simulation by NNIP potentials. However,
notable discrepancies arise in the representation of surface information,
particularly at this crystal orientation, where the NNIP simulations
managed to capture the formation of pile-ups in good agreement with
the experimental observations. While TabGAP and EAM potential ex-
hibits limitations in representing the formation of pileups around the
indenter tip.

From the results depicted in Fig. 8, it is evident that the inter-
atomic potentials have limitations in representing the plastic deforma-
tion mechanisms across various crystal orientations. Specifically, for
the [001] orientation, NNIP demonstrates excellent agreement with
experimental data regarding surface morphology and mechanical prop-
erties. Motivated by these findings, we further investigate the surface
behavior of the Mo sample at the [111] orientation, where NNIP has
shown improved representation of the transition from elastic to plastic
deformation compared to other potentials. In Fig. 10, we display the
atomic displacement mapping of the [111] Mo sample obtained by
NNIP in (a), EAM/FS in (b), GAP in (c), and tabGAP in (d) at the
maximum indentation depth. The surface of the sample clearly shows
displaced atoms aligned with the slip planes, forming the characteristic
three-fold rosette pattern typical for BCC materials in the [111] orien-
tation, as illustrated by the NNIP results in Fig. 10(a)). This pattern is
created by [112̄], [1̄01], and [01̄1] planes [5,6]. To assist in identifying
the shape of the rosette, we have added orange lines, reminiscent of
what can be observed in SEM images of BCC materials [9]. Here NNIP
simulations are in good agreement with typical observations of pile-up
evolution. However, it is important to note that neither GAP, tabGAP,
nor EAM can provide a comprehensive description due to their lack of
information about open boundary simulation under external loading.
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Fig. 9. Slip traces and pileup of [001] Mo at the maximum indentation depth for NNIP
in (a), TabGAP in (c), and EAM in (d), compared to an experimental SEM observation
reported in Ref. [90] (b). The four-fold rosette is well modeled by NNIP where the slip
trace propagates on the [-110] and [1-10] planes in good qualitative agreement with
the experimental result.

Fig. 10. Pileups and slip trace for the [111] Mo samples , at the maximum indentation
depth, using different methods: NNIP in (a), EAM/FS in (b), GAP in (c), and tabGAP
in (d). In this analysis, we have included an orange line to emphasize the 3-fold
rosette characteristic commonly seen in the indentation of BCC samples where NNIP
simulations are capable to model it [5,20,34]. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

Fig. 11. Identified defects of indented (111) Mo sample by BDA method at different
depths by NNIP, EAM, TabGAP, and GAP approaches. The various defect types are
depicted using different colors: gray spheres represent surface atoms in direct contact
with the indenter tip, blue spheres indicate edge dislocations, light-blue spheres repre-
sent atoms in the vicinity of vacancies, yellow spheres depict twin/screw dislocations,
and black spheres highlight unidentified defect atoms. The nucleation and propagation
of edge dislocations on the {111} slip family are observed, which then evolve into
prismatic loops. In addition, identified slip traces and pile-ups are well modeled by
NNIP simulations showing the well-known three-fold symmetric rosette depths below
1.45 nm that are formed by [112̄], [1̄01] and [01̄1] planes. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of
this article.)

3.2.4. NNIP demonstrates discernible dislocation nucleation stages
Fig. 11 illustrates the defects detected using the BCC Defect Anal-

ysis (BDA) method (see Methods) in a (111) Mo sample at different
depths [83]. The NNIP nanoindentation simulations in the initial stages
of loading process notably enhance the description of the interaction
between the indenter tip and the atoms in the uppermost layers of the
surface (see Fig. 11(a)). In this context, a few Mo atoms located at the
very top surface layer are recognized as surface defects. Additionally,
Mo atoms situated beneath these surface defects begin to coalesce,
forming edge dislocations that have the potential to evolve into shear
loops, contrary to the other simulations where the interatomic po-
tentials are not aware of this mechanism. NNIP simulations are also
anticipated to accurately capture the nucleation and propagation of
shear loops on {112} planes (See Fig. 11(b)), as observed experimen-
tally in BCC materials [5,9,91]. Furthermore, NNIP effectively models
the nucleation of loops through a lasso mechanism, a behavior where
GAP and tabGAP induced the formation of multiple loops, as observed
in Fig. 11(c) at a depth of 1.45 nm. For NNIP, at the maximum
indentation depth, it is evident on the sample’s surface that displaced
atoms align with the slip planes in a characteristic three-folded rosette
pattern typical for BCC materials in the [111] orientation (Fig. 11(d)),
formed by [112̄], [1̄01], and [01̄1] planes. In contrast, neither GAP
nor tabGAP, nor EAM, can adequately incorporate this description
due to the lack of information regarding pileup formations. Besides,
the nucleation of more loops is noted, but the circumference of the
second loop is larger than that of the first loop. The EAM and tabGAP
simulations demonstrate a slower and faster process, respectively.

The variations in dislocation and loop nucleations across different
potentials originate from two factors: (1) the prediction of the GSFE
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+ SIA curve (Fig. 6(c)) varies across different potentials, and (2)
the indentation surface energy as a function of depth differs among
potentials, as demonstrated in Fig. S9 of the SM.

4. Discussion and conclusions

Interatomic potentials developed before the present work, although
adequate for many applications, need to be improved for nanoinden-
tation simulations. For example, J. Byggmästar et al. [63] developed a
GAP potential for Mo, demonstrating accuracy and transferability for
elastic, thermal, liquid, defect, and surface properties. However, this
potential failed to produce reliable data for the shear stress in the elastic
region in the early stages of the nanoindentation simulation. Further-
more, in contrast to the NNIP developed here, many prismatic loops
were nucleated during the nanoindentation (see Fig. 11), potentially
due to insufficient information in the energy landscape regarding the
dislocation cores, a fact that was illustrated based on the similarity of
the GSF configurations with the dislocation cores as depicted in Fig. 6.

The tabGAP potentials are designed for complex multi-element ma-
terials [48], employing simple low-dimensional descriptors. Although
tabGAP potentials have notable accuracy for entropy alloys [62], the
same issues as the GAP potential arise when it comes to single element
BCC Mo. As mentioned earlier, the tabGAP potential leads to nucleation
of too many prismatic dislocation loops in the nanoindentation simula-
tions (see Fig. 11). Moreover, accurate predictions of shear stress in the
initial phases of the nanoindentation simulations were not achieved.

The EAM/FS potential utilized in the present work [65], originally
designed for radiation damage simulations, failed to accurately produce
GSFE curve for Mo in both pristine crystalline and GSF configurations
representing dislocation cores. Consequently, it is unclear whether or
not this potential can reliably predict dislocation nucleation during
indentation. In addition, similar to the other potentials, it does not
correctly predict the nanoindentation shear stress.

Considering the challenges faced in nanoindentation simulations,
the presence of a well-developed methodology to tackle these issues
would be highly beneficial. In this work, we met this goal by in-
troducing to the training dataset new configurations which resemble
the local atomic environments of an indented sample. The similarity
measurements presented here ensure the relevance of the newly in-
troduced structures to a nanoindentation simulation. To the best of
our knowledge, this study represents the first attempt to develop a
MLFF specifically designed for nanoindentation simulations. The novel
configurations introduced here could aid the development of MLFFs for
other materials.
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Figure S1: Energy distribution of a) Short range configurations and b) High temperature and GSFCs. The drastic variation
of energies for short range configurations (100 meV/atom) suggest that these configurations would be problematic for training
a NNIP. n addition, it is shown that although high temperature NPT configurations have a larger energy distribution than the
GSFCs.

Figure S2: DFT convergence check for a) cutoff energy and b k-point mesh grid.



Figure S3: Distribution of minimum distances of each configuration to the indented sample for deleted configurations from the
dataset. As it is shown in the insets, each configuration consists of number of atoms with large minimum distance.
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Figure S4: The total energies obtained in this work with Quantum Espresso (QE), compared to VASP (from the original GAP
potential). The dashed lines represent a (y = x + b) function with y being the Quantum Espresso energy, x being the VASP
energy and b is the y-intercept which is different for each panel and illustrates the correctness of the values we obtained from QE.
Figures a) to u) are for the following configurations, respectively: A15, BCC, C15, diamond, di-sia, di-Vacancy, FCC, Gamma,
HCP, phonon, sc, short range, sia, sliced sample, surface 100, surface 110, surface 111, surface 112, liquid surface, tri-Vacancy and
vacancy.
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Figure S5: (Color online) Identified defects of indented (001) Mo sample by BDA method at different depths by NNIP, EAM,
TabGAP, and GAP approaches. Material defects are depicted using different colors: gray spheres represent surface atoms in
direct contact with the indenter tip, blue spheres indicate edge dislocations, light-blue spheres represent atoms in the vicinity of
vacancies, yellow spheres depict twin/screw dislocations, and black spheres highlight unidentified defect atoms. The nucleation
and propagation of edge dislocations on the {111} slip family are observed, which then evolve into prismatic loops. In addition,
identified slip traces and pile-ups are well modeled by NNIP simulations showing the well–known three–fold symmetric rosette
depths below 1.40 nm that are formed by [112̄], [1̄01] and [01̄1] planes.

{110}⟨1̄11⟩ (edge) NNIP DFT GAP tabGAP EAM

Barrier (1E-10 J/m) 0.0134 0.0197 0.0085 0.0729 0.0074
Stress (MPa) 112.6496 165.9063 71.2785 615.0375 62.7665
Poisson Ratio 0.21 0.30 0.26 0.23 0.26
Shear Modulus (GPa) 111 97 108 87 109

Table S1: Comparison of CRS Peierls Barrier and Stress, computed using the relative Poisson Ratio and Shear Modulus values
for the {110}⟨1̄11⟩ case.
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Figure S6: (Color online) Identified defects of indented (011) Mo sample by BDA method at different depths by NNIP, EAM,
TabGAP, and GAP approaches. Material defects are depicted using different colors: gray spheres represent surface atoms in
direct contact with the indenter tip, blue spheres indicate edge dislocations, light-blue spheres represent atoms in the vicinity of
vacancies, yellow spheres depict twin/screw dislocations, and black spheres highlight unidentified defect atoms. The nucleation
and propagation of edge dislocations on the {111} slip family are observed, which then evolve into prismatic loops. In addition,
identified slip traces and pile-ups are well modeled by NNIP simulations showing the well–known three–fold symmetric rosette
depths below 1.40 nm that are formed by [112̄], [1̄01] and [01̄1] planes.

{211}⟨1̄11⟩ (screw) NNIP DFT GAP tabGAP EAM

Barrier (1E-10 J/m) 0.0556 0.013 0.0525 0.3658 0.0512
Stress (MPa) 469.2201 145.7044 444.4193 3231.6114 432.0303
Poisson Ratio 0.21 0.30 0.26 0.23 0.26
Shear Modulus (GPa) 111 97 108 87 109

Table S2: Comparison of CRS Peierls Barrier and Stress, computed using the relative Poisson Ratio and Shear Modulus values
for the {211}⟨1̄11⟩ case.
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Figure S7: Comparison of the TabGAP and NNIP approaches in simulating the initiation of plastic deformation in a [111] Mo
sample under varying loading rates. While both methods accurately capture the elastic regime, they diverge in predicting the
critical load for the pop-in event (transition from elastic to plastic deformation).The critical load versus loading rate is plotted,
highlighting the importance of surface information for accurate nanoindentation simulations. The NNIP approach demonstrates a
good qualitative agreement with reported experimental data [16], showing a decrease in critical load with increasing loading rate.
Conversely, the TabGAP approach predicts minimal changes in the pop-in event value.
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Figure S8: (Color online) Distances of NNIP indented (001) Mo sample from corresponding configurations in the dataset. Distances
of atoms on the dislocation cores are calculated from the ”GSFC + SIA” configurations, while the distances of atoms on the surface
and under the indenter tip are calculated from the ”Pileup” and ”HT + substrate” configurations. The distance histograms depict
that the tails of the distributions are still lower than the distance threshold of 6.
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Figure S9: (Color online) Indentation surface energy as a function of indenter depth for (Left) [001], (Middle) [011] and (Right)
[111] crystal orientations. The variation in results, specifically for [001] and [011] orientations, stems from the fact that the NNIP
dataset is enriched with numerous surface configurations (pileup configurations), which capture the energetics of surface atoms.
These differences in surface energies are connected to the nucleation and propagation of dislocations during nanoindentation. The
surface area at each depth is calulated using the ”construct surface mesh” tool [90] from OVITO package [91].

Figure S10: (Color online) Distance of sheared configurations from a perfect crystal as a function of applied strain. It is obvious
that the increase in the strain value leads into higher distance values which makes intuitive sense.
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Dislocation plasticity in equiatomic NiCoCr alloys: Effect of short-range order
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Equiatomic NiCoCr solid solutions have been shown by recent experiments and atomistic simulations to
display exceptional mechanical properties that have been suggested to be linked to nanostructural short-range
order (SRO) features that may arise from thermal treatments, such as annealing or/and aging. Here we use hybrid
Monte Carlo–molecular dynamics simulations to gain further insights of thermal effects on the SRO formation as
well as the edge dislocation plasticity mechanisms of equiatomic NiCoCr face-centered cubic solid solution. For
that purpose, we utilize two well-known NiCoCr interatomic potentials, one of which displays well-documented
SRO, believed to be linked to experimental evidence and labeled as the Li-Sheng-Ma potential, while the other
(Farkas-Caro) does not. We use these two potentials to discern short-range ordering (from inherent randomness in
random solid solutions) and understand how SROs influence dislocation depinning dynamics in various thermal
annealing scenarios. In this context, we used robust, scale-dependent metrics to infer a characteristic SRO size in
the Li-Sheng-Ma case by probing local concentration fluctuations which otherwise indicate uncorrelated patterns
in the Farkas-Caro case in a close agreement with random alloys. Our Voronoi-based analysis shows meaningful
variations of local misfit properties owing to the presence of SROs. Using relevant order parameters, we also
report on the drastic increase of chemical ordering within the stacking fault region. More importantly, we find
that the Li-Sheng-Ma potential leads to excellent edge dislocation depinning strength with low stacking fault
width. Our findings indicate an enhanced roughening mechanism due to the SROs-misfit synergy that leads to
significant improvements in dislocation glide resistance. We argue that the improvements in alloy strength have
their atomistic origins in the interplay between nanoscopic SROs and atomic-level misfit properties.

DOI: 10.1103/PhysRevB.107.094109

I. INTRODUCTION

Metallurgy of alloys is at the core of technological
progress. Concentrated solid solution alloys (CSAs) have
recently emerged as major candidates for novel alloys for
extreme conditions applications [1,2]. Of all, the equiatomic
[3] NiCoCr CSA represents a simple-enough composition
that has been consistently reported to show exceptional me-
chanical properties [1]. These include (among others) a
relatively high (tensile) strength and ductility, fracture tough-
ness, as well as (micro-)hardness that often exceed those of
the “Cantor” alloy [4] yet with a fewer number of princi-
pal components. This is most likely rooted in the chemical
composition and underlying substructure. However, the mi-
crostructural origin of the exceptional mechanical properties
has been heavily debated, with a possible explanation being
the presence of nanometer-level (chemical/structural) short-
range order (SRO) [5–8] that arises from particular thermal
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processing and influences dislocation pinning and stacking
fault widths. In addition, lattice distortions and local crys-
talline misfits, due to atomic size differences [9,10], have
been shown to be correlated to the exceptional mechanical
behavior of this alloy. Given the apparent importance of local
misfit volumes [9], it remains a challenge to identify the role
of SRO for exceptional mechanical properties. In this paper,
we focus on extensive molecular simulations to understand
how SRO influences dislocation plasticity and how it might
depend on processing parameters (i.e., annealing tempera-
ture), the properties of the ordered phase, as well as the
role of the MD atomic potentials in the ordering process. In
this framework, we investigated two case studies involving
commonly used NiCoCr interatomic potentials Li-Sheng-Ma
(LSM) and Farkas-Caro (FC) potential. While LSM leads to
the formation of short-range ordering on aging, FC displays
chemical/structural features, under the exact same thermal
treatment, that are almost indistinguishable from random solid
solutions. Our multiscale characterization of local ordering
was based on the use of novel descriptors that exhibit dis-
tinct structural/chemical signatures owing to the presence
of nanoscopic SROs. We study the effects of the SRO on
mechanical properties, showing that it significantly influences
them via the interplay of dislocations and SRO structures.
Such an interplay was quantified via a detailed analysis of
the dislocation substructure indicating enhanced roughening
properties due to combined SRO-misfit effects.
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Short-range order has been at the core of studies in CSAs
across the board [11–13]. Thermodynamically speaking,
SROs’ ubiquity at low-temperature alloys has been mainly
attributed to dominant enthalpic effects that, in the absence
of entropy-driven mechanisms, do not favor idealistic perfect
mixtures of equimolar elements [14]. In this context, SROs
typically refer to coherent compositional deviations apart
from (statistically) random distributions of atoms within the
solution matrix as in random solid solution alloys (RSAs).
More importantly, (thermal) processing parameters associ-
ated with annealing and homogenization procedures (i.e.,
temperature and time) or irradiation may have a drastic
effect on the nucleation of SROs and associated substruc-
tural features [9,15,16]. Owing to their nanoscopic scales,
laboratory-based observations of SROs are quite nontrivial in-
volving intensive use of advanced characterization techniques
such as high-resolution electron microscopy and atomic-
resolution energy dispersive spectrometry mapping [8,17].
The latter are strongly tied to underlying physical mecha-
nisms that govern fundamental alloy properties. For instance,
the formation of Ni-rich nanoprecipitates and associated in-
homogeneities within the annealed NiCoCr matrix has been
recently suggested to tune the stacking fault width with evi-
dent consequences in terms of the alloy strengthening [14,18].
Similar conclusions were drawn experimentally by Ritchie
et al. [5], who reported on the emergence of SROs in aged
NiCoCr CSAs with significant impacts on the dislocation
activation energy and hardness. In studies of NiCoCr-based
alloys, stacking fault energy, hardness, and fracture toughness,
as bulk properties, were recently shown to strongly correlate
with the degree of Ni-rich SROs and corresponding structural
features [19–22].

In contrast, local misfit properties have been convention-
ally viewed as a key solid solution strengthening mechanism
[23]. In this framework, the inherent yield strength of alloys
(or Peierls stress) associates to the stress threshold required
for dislocation depinning, and in the context of multicom-
ponent high-entropy alloys, their intrinsic hetrogeneity and
randomness gives rise to somewhat uncorrelated perturbations
to the local thresholds. This concept was theoretically put
forward in the seminal work by Labusch [24], who hypoth-
esized that the motion of dislocations within a random set
of solute obstacles leads to significant hardening effects in
dilute solutions. In a series of relevant papers, Varvenne and
Curtin (VC) [25–27] further investigated the RSA context in
terms of elastic-type long-range interactions between dislo-
cation lines and residual strain fields resulting from atomic
size misfits. Along these lines, a mean-field theoretical frame-
work was proposed to make fairly accurate predictions of
yield strengths solely based on the effective medium elastic
properties and, more importantly, local misfit fluctuations.
The proposed theory accounts for local compositional fluc-
tuations described by spatial distributions of misfit volumes
which are accessible through atomistic simulations and ex-
perimentation. The VC framework was further generalized
to additionally account for thermal and strain-rate effects on
the alloys’ strength and checked in the context of random
alloys [9,26]. In the case of high-entropy alloys (HEAs), how-
ever, there may often be a considerable degree of short-range

ordering and, therefore, HEAs cannot be simply treated as
fully random.

Short-range order and local misfits are not one-way streets
but they combine and interplay in ways that are somewhat un-
predictable in advance and inseparable [20]. Moreover, almost
all crucial properties related to alloy strengths are strongly
dependent on the underlying microstructure and processing
methods used to synthesize CSAs. In an aged multicompo-
nent alloy, the effective Peierls stress will be influenced by
both randomness in the local composition distribution (giving
rise to misfit fluctuations) and short-ranged (but still finite)
spatial correlations introduced by SROs. Naturally, this com-
bined effect leads to an effective yield stress that typically
exceeds that of a random solid solution, lacking this finite-
range ordering component. A naive picture in this context
is that dislocations will move by locally bending between
pinning sites to overcome locally fluctuating Peierls stresses
leading to extra strengthening [28]. Nevertheless, a systematic
study accounting for dislocations’ glide resistance and their
substructure discerning the separate roles of SROs and misfits
seems necessary.

To this end, we use a versatile approach to investigate the
microstructural/chemical origin of strengthening in NiCoCr
including enthalpy-driven ordering effects and local distor-
tions. We perform hybrid Monte Carlo–molecular dynamics
(MC-MD) simulations at a range of annealing temperatures
based on two commonly used NiCoCr interatomic potentials.
We find that the emergence of SROs is not a robust fea-
ture of annealed model NiCoCr CSAs but, to a great extent,
depends on the chosen potential energy. More specifically,
the two models generate microstructurally different alloys
(with/out SROs) with the exact same thermal processing.
Following the numerical framework in Ref. [14], we probed
effects of SROs in terms of local concentration fluctuations,
stacking fault widths, dislocation glide resistance, and mis-
fit volumes of NiCoCr as well as thermodynamic properties
such as the specific heat and thermal expansion coefficient.
Our analysis indicates meaningful correlations of the above
observables with varying degrees of SROs in aged alloys,
making them easily distinguishable from RSAs. We further
observe a marked growth in the population of SROs inside the
stacking fault region and remarkable strengthening behavior
against dislocation glide with the latter rooted in the interplay
between short-range ordering and local misfit properties.

The organization of this paper is the following. In Sec. II,
we describe the numerical setup, sample preparation (includ-
ing aging/annealing), loading protocols, and relevant simula-
tion details including the hybrid MC-MD model, interatomic
forces, and shear test description. Section III presents our
simulation results relevant to the chemical/microstructural
characterization of SROs and their potential effects on dy-
namics of dislocations. In this context, Sec. III A introduces
robust structural/compositional metrics associated with local
elemental fluctuations to characterize the temperature depen-
dence of SROs and distribution of misfit volumes. Lattice
distortions in the presence of short-range ordering will be
discussed in Sec. III B. In Sec. III C, we provide an in-depth
analysis of partial dislocations and their depinning mecha-
nism in the presence of SROs. This includes autocorrelation
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analyses associated with the dislocation line fluctuations as
well as local variations of the dislocation velocity. Section IV
presents relevant discussions and conclusions.

II. METHODS AND MATERIALS

Molecular dynamics simulations were carried out in
LAMMPS [29] by implementing atomistic samples of size
N = 500 000 and 1 700 000 within a three-dimensional peri-
odic cell. In order to study SRO properties (in the absence of
dislocations), we prepared cubic samples with length 10 nm
along the x[100], y[010], and z[001] directions. The NPT en-
sembles were implemented via a Nose-Hoover thermostat and
barostat with relaxation timescales τ therm

d = 10 fs and τ bar
d =

100 fs. We also set the discretization time to �t � 1.0 fs.
Samples were initially prepared via an energy minimization
at T = 0 K (at a fixed volume) and subsequently thermalized
at different temperatures and constant pressure P = 0 bar for
100 ps prior to annealing.

The interatomic forces are based on two commonly used
embedded-atom method (EAM) potentials in the context of
NiCoCr solid solution alloys: (i) the Li-Sheng-Ma potential
proposed in Ref. [14], which has been utilized in recent SRO
studies, modeling dislocation nucleation and glide dynamics
[20,30], and nanoindentation tests [19] and (ii) the EAM
Farkas–Caro potential [31], originally developed to model
equimolar high-entropy FeNiCoCrCu alloys but used here to
validate the SRO formation and its robustness against different
potentials.

Annealed configurations were obtained performing hybrid
MC-MD simulations based on the variance constrained semi-
grand-canonical (VCSGC) ensemble [32] within the anneal-
ing temperature range Ta = 400–1300 K. To determine the
values of �μX1X2 = μX1 − μX2 minimizing the composition
errors, we perform a set of semi-grand-canonical simula-
tions by varying the chemical composition at T = 1500 K
and fit the MC data based on the equation: �μ(X1, P, T ) =
T ln(X1/[1 − X1]) + ∑n

i=0 AiX i
1 (see Fig. S1 in the Supple-

mental Material [33]). Here X1 is the reference element (Ni
in our work) and Ai’s are the fitting parameters [34]. This
allows us to perform hybrid MD/VCSGC-MC with a fixed
target composition. During the annealing process, we perform
1 MC cycle consisting of N/2 attempts of transmutation every
20 MD steps. We carried out a total number of 800 000 MC
cycles at all annealing temperatures Ta to ensure that the con-
figurations reach thermal equilibrium and that the structure of
SROs are statistically indifferent.

We also studied dynamics of a 1
2 [1̄10](111) edge disloca-

tion which, under an external perturbation, dissociates into
two separate partials with a stacking fault in face-centered
cubic (fcc) crystals. To this end, we constructed a simula-
tion cell with dimensions Lx � 80, Ly � 20, and Lz � 15 nm
(see Fig. S2) and performed annealing at a desired temper-
ature Ta. We subsequently equilibrated the annealed alloy
at a low temperature T = 5 K and pressure P = 0 for the
duration of 100 ps. To create an edge dislocation within the
aged sample, we used the periodic array of dislocation model
proposed in Ref. [35] to ensure a periodic setup along the
Burgers vector (x[1̄10]) and dislocation line (z[1̄1̄2]). The dis-
located sample was further relaxed using the NPT framework

with Pxx = Pzz = 0 and T = 5 K (for 100 ps) leading to the
dislocation dissociation into two Shockley partials. Shear tests
were performed at T = 5 K in order to suppress thermal acti-
vation and isolate sole effects of local lattice distortion and
SROs on yield properties. To this end, a stress-controlled
framework was employed within the NVT ensemble by ap-
plying additional forces on the top plane (normal to y) with
the bottom layer held fixed (with a thickness � 4 Å) during
the course of shear simulations. The applied stress was grad-
ually increased from σ = 50 MPa (in a quasistatic fashion)
above a critical (depinning) stress in order to move the partial
dislocations.

III. RESULTS

The above methodology to prepare and anneal model CSAs
indicates that aged NiCoCr alloys may exhibit varying degrees
of chemical ordering under different annealing temperatures.
Using robust composition-based metrics in Sec. III A, we
further confirm the formation of SROs and their strong de-
pendence on the thermal processing. Section III B presents
the misfit volume analysis indicating meaningful correlations
with the degree of short-range ordering. In Sec. III C, we
analyze dynamics of partial dislocations in the presence of
SROs and discuss potential implications in terms of the SRO-
induced CSA strengthening.

A. Temperature dependence of SROs

Figure 1 illustrates that the formation of SROs within the
solid solutions may strongly depend on the annealing tem-
perature Ta. The color map of atoms, the inset of Fig. 1(a),
indicates a clear segregation of Ni-rich phases (gray circles)
in the NiCoCr CSA modeled via the Li-Sheng-Ma potential at
Ta = 800 K. Overall, the observed clustering features tend to
become less pronounced at higher annealing temperatures as
shown in Fig. S3.

The presence of SROs appears to have a direct relevance on
the (constant-pressure) heat capacity Cp = ∂T H in Fig. 1(a)
featuring a maximum around Ta � 800 K. Here H denotes
the enthalpy [36]. The data presented in Fig. 1 correspond to
a sample equilibrated at T = 300 K and subsequently aged
at multiple annealing temperatures. The emerging peak in
Cp may suggest a dominant role of enthalpic interactions
over entropic effects that rule out the formation of an ideal
random solid solution [14]. We note that the (ideal) heat
capacity associated with the latter rises monotonically within
the temperature range of interest. Such deviations seem to be
less pronounced in terms of the thermal expansion coefficient
αp = 1

V ∂T V , with V being the system volume, as shown in
Fig. 1(b).

The notion of SROs typically refers to coherent compo-
sitional deviations from (statistically) random distributions
of atoms within the solution matrix. Along these lines, we
investigated the Warren–Cowley SRO parameters pab(r) [13]
probing the concentration variations of type-b atoms at a
distance r from a center type-a element. For an equimolar
random NiCoCr solid solution, one obtains prsa

ab = 0.33 (on
average) at any r—more precisely, between the successive
valleys of the pair correlation function g(r) as in Fig. 2(g).
The SRO parameters could be also determined locally for
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FIG. 1. Annealing temperature effects on NiCoCr based on the Li-Sheng-Ma potential. (a) Heat capacity Cp and (b) thermal expansion
coefficient αp versus anealing temperature Ta. The inset represents a (111) cross section of Ni (gray), Co (blue), and Cr (red) atoms at Ta =
800 K.

individual atoms which will presumably show strong fluctu-
ations in the presence of SROs. Nevertheless, the “averaged”
Warren–Cowley parameters should be relevant as the system
tends to be statistically homogeneous beyond the mean SRO
size.

Figures 2(a)–2(f) illustrates deviations of pab associated
with the annealed CSAs from prsa

ab including the six (distinct)
elemental pairs at Ta = 400 K. The order parameters reveal
several interesting features describing the SRO microstruc-
ture. The abundance of the Ni-Ni pairs beyond random
concentrations is remarkable and appears to persist up to r �
5 Å in Fig. 2(a). It should be noted that twice this lengthscale
is in a rough agreement with the visual impression one gets
from the segregation map, the inset of Fig. 1(a), regarding
the mean SRO size. Below the base line, the dip in pab

corresponding to Ni-Ni pairs should indicate their scarcity
above the mean size. The order parameter recrosses the hor-
izontal line beyond which it features a fairly broad peak at
r � 15 Å before going asymptotically to prsa

ab . We remark that
the inferred lengthscale could potentially relate to the average
spacing between adjacent SROs. Figures 2(b) and 2(c) asso-
ciated with pNiCo and pNiCr feature fairly identical properties
but with opposite trends as seen in pNiNi since they must all
add up to unity.

As opposed to Ni-Ni ordering, we observe fewer coherent
patterns associated with the identical (same-element) pairs
Co-Co and Cr-Cr as in Figs. 2(d) and 2(f). In particular, pCoCo

and pCrCr seem to indicate ordering as well as antiordering
(potentially due to repulsion) at the first- and next-nearest-
neighbor distances. The strong bonding between Co-Cr in

FIG. 2. Short-range ordering in annealed NiCoCr CSAs based on the Li-Sheng-Ma potential. Warren–Cowley SRO parameters including
(a) pNiNi, (b) pNiCo, (c) pNiCr, (d) pCoCo, (e) pCoCr, and (f) pCrCr plotted against distance r at Ta = 400 K. (g) Pair correlation function g(r) at
Ta = 400 K. The base (red) dash-dotted line indicates the random concentration.

094109-4



DISLOCATION PLASTICITY IN EQUIATOMIC NICOCR … PHYSICAL REVIEW B 107, 094109 (2023)

FIG. 3. SRO variations with annealing temperature Ta. (a) pNiNi-
prss

NiNi as a function of pair distance r and (b) root-mean-squared
fluctuations prms

NiNi plotted against Ta. The (red) base line indicates
zero correlations associated with RSAs. The results are based on the
Li-Sheng-Ma interatomic potential.

Fig. 2(e) at the first nearest neighbor is also remarkable (see
also Refs. [14,19,20]). We further note that, unlike pab, the
pair correlation function g(r) does not suggest any structural
differences between annealed and random solid solutions as
shown in Fig. 2(g).

Figure 3 quantifies the abundance of Ni-Ni elemental
pairs on annealing at multiple temperatures between Ta =
400–1400 K. As shown in Fig. 3(a), the curves show quite
complex nonmonotonic features with certain characteristic
lengthscales that seem to scale nontrivially with temperature.
Nevertheless, the SRO-related features in pNiNi-prsa

NiNi become
less and less pronounced with an increase in Ta continually
approaching their asymptote at the zero-valued base line. This
is mathematically quantified by the metric prms

NiNi = 〈(pNiNi −
prsa

NiNi)
2〉 1

2 as a root-mean-squared (rms) measure of deviations
from RSAs. Figure 3(b) features a monotonic growth of prms

NiNi
on decreasing Ta. We also note the tendency for the saturation
of prms

NiNi at Ta � 1400 K or above potentially due to residual
SRO distributions at atomistic levels that preclude an ideal
RSA formation. The above analysis was repeated for NiCoCr
alloys simulated based on the Farkas-Caro potential. Inter-

FIG. 4. Root-mean-squared (rms) fluctuations prms
b of local Ni,

Co, and Cr concentrations as a function of window size rc in (a) an-
nealed NiCoCr CSAs at Ta = 400 K and (b) NiCoCr RSAs at T =
400 K based on the Li-Sheng-Ma potential. The panels in (c) and

(d) are the same as in (a) and (b) but with the y axis rescaled by r
− 3

2
c .

The curves are shifted for the sake of clarity.

estingly, we found no clear signature of clustering in these
samples as opposed to those generated via the Li-Sheng-Ma
potential (see Fig. S4).

We probed fluctuations in local concentrations of the
constituent elements in annealed NiCoCr alloys that, in the
presence of SROs, should deviate from those of random solid
solution alloys. In this context, the entire space was parti-
tioned using subvolumes of varying size rc, and local molar
compositions pNi, pCo, and pCr were determined within each
cube. As illustrated in the scatter plot of Fig. S5 associated
with NiCoCr CSAs annealed at Ta = 400 K, the fluctuations
tend to self-average at larger rc which could be also under-
stood in terms of counting statistics.

We also investigated local fluctuations in CSA elemental
concentrations in space that, in the presence of SROs, show
marked deviations from those of RSAs. Figure 4 shows rms
fluctuations of local concentrations pNi, pCo, and pCr and their
decay with distance rc. In Figs. 4(a) and 4(c), rms fluctu-
ations in annealed NiCoCr CSAs seem to self-average but
only above some certain lengthscale above which the decay
is well predicted by the expected r−3/2

c power-law behavior.
The latter is the relevant scaling in purely random atomic
configurations as illustrated in Figs. 4(b) and 4(d). We take
the characteristic peak in Fig. 4(c) as a signature of spatial
correlations which may be interpreted as the average SRO size
ξ sro � 10 Å. Furthermore, the inferred lengthscale closely
agrees with the one extracted from the SRO order parameters
in the preceding paragraphs which is within the typical range
of SRO size (0.5–1.5 nm) seen experimentally [5,17]. Fig-
ure 5 illustrates the probability distribution functions (PDFs)
of the local Ni concentrations pNi at rc = 10 Å for different
annealing temperatures. We note the marked deviation of the

094109-5



AMIR H. NAGHDI et al. PHYSICAL REVIEW B 107, 094109 (2023)

FIG. 5. Probability distribution functions of the local concentra-
tions pNi in an annealed CSA based on the Li-Sheng-Ma potential at
the window size rc = 10 Å and various Ta.

low-Ta PDFs from a standard Gaussian distribution which,
otherwise, seems to be the asymptotic limit for the pNi dis-
tributions at higher annealing temperatures. One could also
observe a marked abundance of low and high (local) Ni con-
centrations away from the average at pNi = 0.33 for Ta = 400
and 600 K which is indicative of the strong segregation of Ni
phases.

B. Lattice distortions

To characterize local distortion properties, we analyzed
fluctuations in atomic Voronoi cell volumes and associated
temperature dependence in annealed alloys. The aged solid
solutions were equilibrated at 5 K on annealing in order to
suppress thermal fluctuations. Figures 6(a) and 6(b) shows
alloy atomic volumes and associated PDFs for the Ni, Co,
and Cr atoms in annealed and random solid solutions. Both
alloys feature quite narrow distributions with well-defined
mean values 〈VNi〉, 〈VCo〉, and 〈VCr〉 that show slight variations
with Ta as in Fig. 7(a). The measured mean atomic volume
in annealed NiCoCr samples is 〈V 〉 � 11.3 Å3—which is
equivalent to the average lattice constant of a = 3.56 Å—in
very close agreement with experimental observations reported
in Ref. [9]. Figure 7(a) indicates features near a characteris-
tic annealing temperature Ta � 800 K below which the mean
atomic volumes seem to accelerate, potentially a signature of
remarkable enthalpy-driven ordering [14]. This observation is
in accordance with the heat capacity Cp developing a charac-
teristic peak in Fig. 1(a).

The misfit volumes �Vb = 〈Vb〉 − 〈V 〉 of Ni, Co, and Cr
are determined as +0.04, −0.03, and −0.01 Å3, respectively.
The estimated atomic misfits appear to be at least one order of
magnitude off from precise experiments [9] but are otherwise
reasonably close to ab initio–based estimates in Ref. [37].
We further explored the scaled fluctuation var

1
2 (Vb)/〈Vb〉 as

a relevant measure of atomic distortions in Fig. 7(b) with
b denoting Ni, Co, and Cr. var

1
2 (Vb)/〈Vb〉 shows a (fairly)

monotonic increase for Ni as a function of Ta until it saturates
at a limiting value that appears to be lower than the one

FIG. 6. Probability distributions of alloy atomic (Voronoi) vol-
umes Vb with b denoting the Ni, Co, and Cr atoms in (a) the NiCoCr
alloy aged at Ta = 600 K and (b) NiCoCr RSA. The volume mea-
surements were carried out at 5 K.

set by the RSA. This is in line with our SRO analysis that
the abundance of Ni-Ni pairs within the first-nearest-neighbor
distance and, therefore, ordering tends to curtail local atomic
misfits or randomness in aged systems. As for Co and Cr, we
observe a nonmonotonic evolution with a pronounced peak
at Ta � 600 K that, in the case of the former, even exceeds
the associated RSA limit. Apart from the observed peaks, the
relative variance for aged Co/Cr seem to always fall short
of those of RSAs with a more dramatic decrease associated
with Cr (the green diamonds). This, we conjecture, might be
attributed to the favored formation of Cr-Co regions and less
tendency for Cr-Ni as well as Cr-Cr bonding as evidenced by
the behavior of the first-nearest-neighbor order parameters in
Fig. 2. We conclude this subsection by stating that short-range
order will have strong bearings on misfit volumes of NiCoCr
as our data suggest direct correlations between the latter and
the order parameters presented in Sec. III A. One may infer a
characteristic scale based on the rms fluctuations analysis pre-
sented in Fig. 7(b) which we interpret as the (mean) misfit size
ξmisfit � 1 Å. Together with nanoscopic SROs (ξ sro � 10 Å),
atomic-level misfit fluctuations will determine the dislocation
glide resistance as discussed in Sec. III C.
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FIG. 7. Dependence of (a) average Voronoi volume 〈Vb〉
and (b) rms volume fluctuations scaled by the average value
var

1
2 (Vb)/〈Vb〉 on the annealing temperature Ta. The empty symbols

correspond to a NiCoCr RSA.

C. Interplay between SROs and dislocations

We follow two different approaches to address the
dislocation-SRO interplay in NiCoCr CSAs: (i) study of dis-
location effects on the nucleation of SROs in aging alloys
and (ii) investigations of strengthening mechanisms at play
in as-aged SRO-rich alloys driven out of equilibrium. In (i),
we aged samples with a dislocation allowing for both the
dislocation dissociation process and spatiotemporal evolution
of SROs while annealing. In (ii), on the other hand, we embed-
ded partial dislocations in as-annealed alloys and performed
shear depining tests, with no appreciable change in the SRO
microstructure.

In line with (i), Fig. 8 compares the structure of SROs
within the dislocation dissociation bounds and outside in ag-
ing NiCoCr at Ta = 600 K. In Fig. 8(a), the denser population
of SROs within the stacking fault is visually apparent in
comparison with a dislocation-free two-dimensional stack at
y = 10 Å illustrated in Fig. 8(b). We quantified the observed
trend in Fig. 8(c) where the SRO parameter pNiNi associated
with the former reveals a shallower decay relative to that of
atoms outside the fault plane. To our knowledge, the drastic
increase in chemical ordering within the stacking fault region
has not been previously reported in the literature. As one
possible mechanism at play, we speculate that the long-range

FIG. 8. SRO microstructure in the presence of (partial) disloca-
tions in aging NiCoCr at Ta = 600 K. (a) Cross section containing
the stacking fault, (b) cross section at y = 10 Å, and (c) the SRO
parameter pNiNi as a function of pairwise distance r. The different
curves in (c) correspond to the entire configuration as well as the
two-dimensional stacks depicted in (a) and (b). The black segments
denote dislocation lines. The dash-dotted (red) line indicates RSAs.
The stacking fault region in (a) lies between x � 25 and 220 Å.

stress field and mutual interactions between the two partials
[38] might favor the SRO nucleation and its growth within the
dissociation zone. Figure S6(a) and S6(b) illustrates that such
interactions at Ta = 600 K lead to a notable reduction in the
stacking fault width which implies the enhanced fault energy
due to SROs [14,18]. It is expected that the fault dimension,
and therefore the associated formation energy, will be strongly
controlled by the annealing temperature as well. We note that
a detailed description of the SRO kinetics and dynamics of the
dislocation dissociation as well as their (dynamical) interplay
during the aging processs is outside the scope of our current
study.

Following approach (ii), the notion of “plastic flow” in
solute strengthening theories directly links to the existence of
the intrinsic friction stress σc beyond which dislocations tend
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to glide rather smoothly at a non-negligible (mean) velocity
〈v〉. Below this critical stress, by contrast, the migration of
dislocations within CSAs (with a severely distorted energy
landscape) typically occurs in a very intermittent manner with
long periods of quiescent states (i.e., 〈v〉 � 0) interrupted
by bursts of displacements [39]. In the absence of thermal
activation, this depinning transition is phenomenologically
described as [40]

〈v〉 ∝ (σ − σc)1/β, (1)

at σ � σc and 〈v〉 = 0 otherwise, with β � 1 reflecting a
marked discontinuity at σc [41]. Here σ is the applied shear
stress resolved in the glide plane.

To estimate σc, we performed atomistic simulations of
dislocation properties in fcc-based NiCoCr CSAs by study-
ing dynamics of 1

2 〈110〉{111} edge dislocations which,
under an external drive, dissociate into two mixed par-
tials and a stacking fault in between [38]. To measure
the dislocation velocity and its spatial-temporal evolu-
tion, we first identified all dislocation line defects in the
atomistic crystal, along with their Burgers vectors, and
output a line representation of the dislocations by us-
ing OVITO [42]. Due to inherent lattice distortions, dis-
location lines are not straight but show local fluctuations with
respect to the average line direction along z. We describe
line fluctuations projected along the glide direction x by the
function hx(z) discretized via a fine grid of size 2 Å across
the glide plane parallel to the z direction. We obtain the
dislocation velocity vx(z) = δhx(z)/δt by considering succes-
sive dislocation snapshots that are apart by the time window
δt � 4 ps. The latter is chosen to be at least three orders of
magnitude longer than the discretization time �t yet short
enough to resolve displacements down to atomistic scales.
The subsequent correlation analysis was performed on CSAs
initially annealed at T = 600 K and sheared, along with the
RSAs, at 5 K.

Figures S7 and S8 illustrate configurations of (frozen)
dislocations in an annealed NiCoCr as well as a NiCoCr
RSA under different loads well below the depinning transition
(σ < σc). The local curvatures associated with the dislocation
segments in Fig. S7 indicate fairly coherent pinning effects
that somewhat correlate with the spatial locations of SROs.
Such features might be also present in RSAs, as in Fig. S8,
but to a very limited extent in space. The local line curvature,
and its positive sign with respect to the glide direction, should
potentially indicate how effectively dislocations are pinned
near SROs and/or due to local atomic misfits. In this context,
line fluctuations associated with the aged alloy in Fig. 9(a)
appear to be correlated over larger lengthscales than those of
the random alloy in Fig. 10(a). Similar trends could be also
inferred from the associated correlation functions

ch(|z − z′|) = 〈 ĥx(z).ĥx(z′) 〉, (2)

with the z-scored fluctuations ĥx = (hx − 〈hx〉)/var
1
2 (hx ).

Here the angular brackets 〈.〉 denote averaging in space. Over-
all, the slower decay of correlations ch(|z − z′|) in Fig. 9(b),
in comparison with Fig. 10(b), may indicate additional SRO-
induced pinning effects in annealed alloys. We note that
the absence of SROs does not necessarily rule out long-

FIG. 9. (a) Configurations of (immobile) partial edge disloca-
tions and (b) associated correlations ch(|z − z′|) = 〈 ĥx (z).ĥx (z′) 〉 as
a function of distance |z − z′| in an annealed NiCoCr under different
applied stresses (below the depinning transition) at Ta = 600 K. This
includes σ = 500, 600, 650, 700, and 750 MPa. The shear tests
were carried out at 5 K. Here the two-dimensional x-z glide plane
denotes a (111) cross section. The dislocation configurations are
shifted vertically for the clarity.

range fluctuation patterns in RSAs, as in Fig. 10(b), and,
therefore, coherent pinning patterns due to atomic-scale dis-
tortions [43,44].

We repeated the above analysis by probing velocity fluctua-
tions vx(z) associated with the gliding dislocations (at σ > σc)
in annealed as well as random alloys (see Fig. 11). Figure 12
illustrates the shear stress dependence of the mean dislocation
velocity as well as (mean) velocity correlations (averaged
over different configurations) for the aged and random al-
loys. As shown in Fig. 12(a), the observed behavior of 〈vx〉
versus σ at σc marks the dislocation pinning-to-depinning
transition which is in agreement with the expected generic
dependence around the transition. This seems to be fairly
insensitive to annealing except for a meaningful shift of σc

to larger strengths. The estimated critical shear stresses are
σc � 950 and 650 MPa associated with aged and random
samples, respectively. The (mean) velocity autocorrelations,
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FIG. 10. (a) Configurations of (immobile) partial edge disloca-
tions and (b) associated correlations ch(|z − z′|) = 〈 ĥx (z).ĥx (z′) 〉 as
a function of distance |z − z′| in a NiCoCr RSA under different ap-
plied stresses below the depinning transition. This includes σ = 400,
500, 550, 600, and 650 MPa.

averaged over different realizations, 〈cv (|z − z′|)〉ens [see the
definition of cv (|z − z′|) below] are shown at different stress
levels beyond σc in Figs. 12(b) and 12(c), both indicating a
finite correlation length.

The marked increase of σc is despite (relatively) insignifi-
cant variations of elastic properties (Fig. S10) and, therefore,
improving yielding properties against RSAs cannot be naively
attributed to the enhancement in elasticity of aged alloys (see
Sec. IV). The elastic constants we probed in this study include
C11, C12, and C44 (based on the Voigt notation) as well as
the bulk modulus B and Poisson’s ratio that were determined
by using the Li-Sheng-Ma interatomic potential. Here the x,
y, and z dimensions are parallel to [100], [010], and [001]
crystal directions, respectively. The overall trend we observe
in Fig. S10 is consistent with the study of Li et al. [14] which
reported the change of elastic properties with increasing SROs
(on decreasing Ta). The elastic constants seem to develop fea-
tures near Ta � 800 where the dominant presence of chemical
ordering is expected.

We further investigate individual dislocation configurations
and associated fluctuations of local velocities in Fig. 13 and
14 where the dislocations move at an average speed 〈vx〉 �
1000 ms−1 in both systems subject to the applied shear stress
of σ = 1200 MPa, well above the corresponding depinning
thresholds. The (z-scored) velocity profiles v̂x(z) in Figs. 13(a)
and 14(a) correspond to five different snapshots of gliding
dislocations that are shifted for a better view of variations
across the (average) dislocation line direction z. We remark
that the regions to the left of the dash-dotted lines indicate
local velocities below the average speed 〈vx〉, as depicted
by the left-headed arrows in Fig. 11 . Statistically speaking,
the segments with vx(z) < 〈vx〉 somewhat correlate with the
positively bent segments of dislocation lines which are mostly
influenced by the existence of SROs and/or atomic misfits.
Nevertheless, velocity fluctuations quantified by the velocity
auto correlations,

cv (|z − z′|) = 〈 v̂x(z).v̂x(z′) 〉, (3)

does not appear to be statistically different in annealed and
random alloys in Figs. 13(b) and 14(b).

IV. DISCUSSIONS AND CONCLUSIONS

Our atomistic simulations of NiCoCr CSAs under special
thermal treatments have revealed the formation of nanos-
tructural local chemical ordering and enhanced dislocation
glide resistance in close agreement with recent SRO-based
studies in simulated and real NiCoCr experiments [5,14].
On the ordering effects, we made use of the Li-Sheng-Ma
potential function that has been validated in terms of de-
tailed and accurate modeling of Ni, Co, and Cr interatomic
interactions [14]. Our direct measurements of local lattice
strains agree very closely with a recent ab initio study [37]
but failed to fully reproduce experimental findings [9]. By
using the Farkas-Caro potential, we find very limited rele-
vance to real annealed NiCoCr alloys. The simulated alloys,
in this context, exhibit no ordering (beyond statistical fluc-
tuations) but also no notable improvement in yield strengths
or elastic properties as reported in Table I in the Supple-
mental Material (see also Refs. [4,45]). We have interpreted
the physical origin of such differences by using robust (ex-
perimentally relevant) SRO descriptors in various thermal
annealing scenarios. We find that the Li-Sheng-Ma potential,
under the proper aging process, leads to an exceptional dislo-
cation depinning strength with low stacking fault width that
falls short of that of RSAs. The latter is associated with the
enhanced stacking fault energy which might, in part, relate
to improved elasticity as a result of SROs but, compared
to the yield strength, the ordering effects appear to be less
pronounced. The intrinsic strengthening mechanism is mostly
dominated by coherent SROs-induced pinning effects, but
random spatial distributions of misfit volumes and the result-
ing roughening seem to be also at play.

Our correlation analyses of the dislocation structure and its
spatial-temporal evolution allow for inferring a characteristic
pinning length ξp and optimal displacement wp [25]. We inter-
pret the latter as being the rms fluctuations in the dislocation
height (with respect to the mean), i.e., wp = 〈h2

x − 〈hx〉2〉 1
2 ,

whereas the former is determined as the shortest distance
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FIG. 11. (z-Scored) Velocity of partial edge dislocations v̂x (z), illustrated by the black arrows, in annealed NiCoCr at Ta = 600 K and
under the applied stress σ = 1200 MPa (above σc). The shear tests were carried out at 5 K. Here the panels indicate different realizations
associated with the gliding dislocations and the two-dimensional plane denotes a (111) cross section. The arrows denote the velocity field.

where the height correlations cross zero, e.g., ch(|z − z′|) = 0
at |z − z′| = ξp. At Ta = 600 K and σ < σy, it follows that
wp = 5.6–11.2 Å and ξp = 25–31 Å associated with the an-
nealed alloy. We conjecture that these two quantities should
both correlate with the observed increase in the depinning
stress. Based on our present data, however, we are not able
to quantify such (anti-)correlations numerically. Both ob-
servables wp and ξp are also expected to show meaningful
associations with the average SRO size ξ sro as well as the
amplitude of misfit fluctuations (characterized by ξmisfit) and
are relevant ingredients in mean-field solute models that make
yield strength predictions based on dislocation line properties
(e.g., line tension 
, length L, and Burgers vector b). In this
mean-field picture, SROs introduce the characteristic scale
ξ sro that effectively decreases the pinning length ξp leading
to a reduction of the optimal displacement wp and, there-
fore, an extra strengthening. Within these mean-field model
frameworks, the depinning stress should scale with the line
tension 
, which itself is proportional to the shear modulus
and, based on our findings, annealing is not expected to boost
σy simply because of such elasticity-based contributions but
instead variations in the disorder strength and the pinning
field are the key factors. To validate such theories in simu-
lations, one must be vigilant to use appropriate mesoscopic
lengths (beyond atomistic scales) where continuum-like con-
cepts such as line tension and local curvature are well defined
[25]. To explore the full dislocation waviness in MD, it is also
necessary that the dislocation length L � ξp and associated

deformation wp � ξp [46]. However, the above separation of
scales is typically a limit beyond atomistic modeling assump-
tions including the present study.

Complications might also arise in the application of
strengthening theories (e.g., the VC model) due to SRO-
induced correlations. The latter are at odds with the
“randomness” hypothesis taken as granted based on so-
lutes’ arrangements in RSAs. Given that the VC theory is
constructed exclusively on misfit information, an effective
treatment in the presence of spatial correlations is the as-
sumption that SROs should alter dramatically local misfit
distributions and, in that case, an alternative length ξmisfit

eff
may be used to describe the strength of distortions. Alter-
natively, Zaiser and Wu (ZW) [44,47] formulated a more
relevant approach based on the fact that pinning forces caused
by obstacles are not fully random but rather correlated over
some certain length a [48] that we tend to interpret as the
effective SRO size (a � ξ sro). In their formulation of dislo-
cation dynamics, ZW introduced a order/disorder length that,
along with the strength of misfit fluctuations, may describe
the SRO- and misfit-induced noise field in a more accurate
way than the VC methodology. Similar efforts were made by
Zhang et al. [49] along these lines who developed a stochastic
Peierls-Nabarro model to incorporate the role of both CSA
randomness and short-range ordering effects on glide dynam-
ics of roughened dislocations.

The existing literature reports the emergence of (varying
degrees of) SROs as a rather generic feature across a broad

FIG. 12. Stress dependence of the mean dislocation velocity and associated fluctuations. (a) Mobility rule describing the mean dislocation
velocity 〈vx〉 as a function of applied stress σ . Mean velocity auto correlations 〈cv (|z − z′|)〉ens as a function of distance |z − z′| in (b) annealed
NiCoCr and (c) NiCoCr RSA subject to multiple applied stresses σ above σy.
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FIG. 13. (a) (Scaled) velocity of partial edge dislocations v̂x (z)
and (b) associated correlations cv (|z − z′|) = 〈 v̂x (z).v̂x (z′) 〉 as a
function of distance |z − z′| in an annealed NiCoCr at Ta = 600 K
under the applied stress σ = 1200 MPa (above σc). The shear tests
were carried out at 5 K. Here the numbers indicate different realiza-
tions associated with gliding dislocations and the two-dimensional
plane denotes a (111) cross section. The velocity profiles are shifted
vertically for the clarity.

range of high-entropy alloys (see Ref. [6] and references
therein). Nevertheless, the focus has been placed on different
variants of NiCoCr-based alloys (including the well-studied
Cantor alloy) and, owing to similar atomic size and elec-
tron negativity, such compositions might tend to favor SRO
nucleation [50]. In terms of mechanical properties, the SRO-
induced enhancement in the dislocation glide resistance may
also constitute fairly universal mechanisms associated with it,
i.e., coherent pinning and enhanced roughening, not specific
to particular chemical compositions but their robustness over
a broader range of compositionally complex solid solutions
has yet to be fully explored.

There is a large multitude of results in this work, some of
which including the dislocation roughening and SRO emer-
gence could be potentially validated experimentally through
the in/ex situ electron microscopy analysis or other image-
based characterization techniques. Similar efforts were made

FIG. 14. (a) (Scaled) velocity of partial edge dislocations v̂x (z)
and (b) associated correlations cv (|z − z′|) = 〈 v̂x (z).v̂x (z′) 〉 as a
function of distance |z − z′| in a NiCoCr RSA under the applied
stress σ = 1200 MPa (above σc).

by Sandfeld et al. [43] based on the image processing of
in situ electron microscopy micrographs to obtain dislocation
velocity profiles in a deforming NiCoCrFeMn (Cantor) alloy.
Based on their observations, kinematics of dislocation lines
and associated pinning patterns suggest the direct relevance of
lattice distortions as the dominant roughening mechanism. On
the other hand, SROs and associated pinning effects are more
subtle to be detected experimentally owing to their nanoscopic
origins.

Our finding will have important implications for discrete
dislocation dynamics (DDD) models and associated mobility
rules that additionally consider spatial correlations within the
rough potential energy landscape [51]. This is conceptually
similar to intrinsic Peierls stresses that are locally distributed
in space but also correlated over certain microstructural
scales. Incorporating and tuning SROs’ structural features
as model ingredients will potentially lead to further im-
provements in DDD predictive capabilities and design-level
hardening features in the context of NiCoCr-based CSAs with
dense and complex networks of interacting dislocations.
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SUPPLEMENTARY MATERIALS

In this Supplementary Materials, we will present fur-
ther information relevant to simulation details, charac-
terization of local ordering, and yield properties corre-
sponding to model NiCoCr alloys.

Figure S1 shows ∆µNi-Cr and ∆µNi-Co as the differ-
ence of the chemical potentials of Co and Cr with re-
spect to Ni using the semi-grand canonical (SGC) en-
semble. In Figure S2, we illustrate our shear simulation
setup with dimensions Lx ≃ 80 nm, Ly ≃ 20 nm, and
Lz ≃ 15 nm. Figure S3 displays snapshots of NiCoCr re-
alizations associated with random solid solutions and an-
nealed samples at various temperatures. Figure S4(a-f)
illustrates that the the Warren–Cowley SRO parameters
pab associated with the annealed CSAs obtained from the
Farkas-Caro potential function are statistically indistin-
guishable from prsaab at Ta = 400 K. The scatter plot of
Fig. S5 displays local concentration fluctuations pb (with
b being Ni, Co, and Cr in an annealed CSA (based on
the Li-Sheng-Ma potential) at Ta = 400 K and multiple
lengthscales (rc = 5, 10, 18 Å). Figure S6(a) and (b) il-

lustrate realizations of partial dislocations in a RSA as
well as a NiCoCr annealed at Ta = 600 K. Figure S7 and
S8 display realizations of (immobile) partial edge dislo-
cations in an annealed NiCoCr and a RSA at different
stress levels. Figure S9 illustrates the structure of local
(von Mises) stresses in an annealed NiCoCr at Ta = 600
K and under the applied stress σ = 1200 MPa (above
σc). Elastic constants and their dependence on the an-
nealing temperature Ta are shown in Fig. S10. Table I
compares elastic constants and depinning stress σc mea-
sured at T = 5 K for NiCoCr with and without annealing
using the Farkas-Caro potential.

TABLE I. Cubic elastic constants and depinning stress σc at
5 K for NiCoCr with and without annealing using the Farkas-
Caro potential.

Ta = 1100 (K) Ta = 600 (K) RSA Experiment
C11 (GPa) 269.3 251.4 270.1 255.3 [1]
C12 (GPa) 146.8 149.1 147.9 159.4 [1]
C44 (GPa) 126.7 126.8 126.7 146.7 [1]
σc (GPa) 0.075 0.070 0.080 1.3 [2]

[1] G. Laplanche, M. Schneider, F. Scholz, J. Frenzel,
G. Eggeler, and J. Schreuer, Processing of a single-
crystalline crconi medium-entropy alloy and evolution of
its thermal expansion and elastic stiffness coefficients with
temperature, Scripta Materialia 177, 44 (2020).

[2] B. Gludovatz, A. Hohenwarter, K. V. S. Thurston, H. Bei,

Z. Wu, E. P. George, and R. O. Ritchie, Exceptional
damage-tolerance of a medium-entropy alloy CrCoNi at
cryogenic temperatures, Nature Communications 7, 10602
(2016).
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a) b)

FIG. S1. Chemical potential differences for a) Ni-Co and b) Ni-Cr pairs used for variance constrained semi-grand canonical
(VCSGC) ensemble.

FIG. S2. A sketch of the shear setup including the partial dislocations. Periodic boundary conditions are applied parallel to
the dislocation lines and the glide direction (x and z dimensions, respectively) and fixed boundaries are implemented along the
y direction (rigid slabs in gray). To shear, rigid atoms within the bottom surface are held fixed (i.e. zero displacements) while
the shear stress σ is applied on the rigid top plane.

a) b) c) d)

FIG. S3. Snapshots of NiCoCr samples a) RSA equilibrated at T = 400 K, b) annealed at Ta = 400 K, c) annealed at Ta = 800
K and d) annealed at Ta = 1400 K.
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p
N
iC

o

b)

.

annealed

.

random CSA

r (Å)
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FIG. S4. Short range ordering in annealed NiCoCr CSAs based on the Farkas-Caro potential. Warren–Cowley SRO parameters
including a) pNiNi b) pNiCo c) pNiCr d) pCoCo e) pCoCr f) pCrCr plotted against distance r at Ta = 400 K. The base (red)
dashdotted line indicates the random concentration.

a) rc = 5 (Å) b) rc = 10 (Å) c) rc = 18 (Å)

FIG. S5. Local concentration fluctuations pb with b being Ni, Co, and Cr in an annealed CSA (based on the Li-Sheng-
Ma potential) at Ta = 400 K and multiple lengthscales a) rc = 5 Å b) rc = 10 Å c) rc = 18 Å. We note that at low distance
scales rc = 5 and 10 Å, the segregation of Ni and Co/Cr domains is very strong. The black scatter points represent the two
dimensional projections. The red dot denotes the equimolar concentration.



iv

a) annealed

z
(Å
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FIG. S6. Realizations of partial dislocations in a) NiCoCr annealed at Ta = 600 K b) RSA.
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(Å

)

d)σ=750 (Mpa)

x (Å)
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FIG. S7. Realizations of (immobile) partial edge dislocations in an annealed NiCoCr subject to the shear stress a) σ = 500,
b) 600, c) 650, and d) 750 MPa. Here the two-dimensional stack denotes the (111) glide plane.
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FIG. S8. Realizations of (immobile) partial dislocations in a NiCoCr RSA subject to the shear stress a) σ = 400, b) 500, c)
550, and d) 600 MPa.
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FIG. S9. Structure of residual (von Mises) stresses in annealed NiCoCr at Ta = 600 K and under the applied stress σ = 1200
MPa (above σc). The shear tests were carried out at 5 K. Here, the panels indicate different realizations associated with the
gliding dislocations and the two-dimensional plane denotes a (111) cross section. The red, white, and blue colors indicate high,
medium, and low stresses.
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FIG. S10. Elastic constants and their dependence on the an-
nealing temperature Ta. Measurements were carried out at
T = 5 K. The rightmost data point represents elastic proper-
ties of a random solid solution. Samples were generated based
on the Li-Sheng-Ma potential.
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Chemical short-range order is believed to be a key contributor to the exceptional properties of
multicomponent alloys. However, its direct validation and confirmation has been highly elusive in most
compounds. Recent studies for equiatomic NiCoCr alloys have shown that thermal treatments (i.e.,
annealing and aging) may facilitate and manipulate such ordering. In this work, by using molecular
simulations, we show that nanomechanical probes, such as nanoindentation, may be utilized toward further
manipulation of chemical short-range order, providing explicit validation pathways. By using well
established interatomic potentials, we perform hybrid molecular-dynamics–Monte Carlo at room temper-
ature to demonstrate that particular dwell nanoindentation protocols can lead, through thermal Monte Carlo
equilibration, to local reorganization under the indenter tip, toward a density-wave stripe pattern. We
characterize the novel density-wave structures, which are highly anisotropic and dependent on local,
nanoindentation-induced stress concentrations, and we show how they deeply originate from intrinsic
features of interelemental interactions. Furthermore, we show that these novel patterns consistently scale
with the incipient plastic zone, under the indenter tip, justifying their observation at experimentally feasible
nanoindentation depths.

DOI: 10.1103/PhysRevLett.132.116101

Concentrated multicomponent alloys, and in particular,
the celebrated Cantor alloys [1–3], such as equiatomic
single-phase CoCrFeMnNi, have been instrumental into
guiding the exploration for the discovery of affordable,
durable alloys, suitable for applications under extreme
conditions [4,5]. It has been conjectured that a major
contributor to the exceptional properties of these alloys is
the formation of chemical short-range (1 nm) order (CSRO)
that may pin or/and obstruct moving lattice defects, such as
dislocations. While the observation of CSRO is quite
common in such complex alloys, its causal connection to
exceptional mechanical properties has been a subject of
intense debate. Extensive investigations have culminated
toward the focus shining on the curious case of single-phase
equiatomic NiCoCr. This alloy has outstanding mechanical
properties, namely hardness, strength, and ductility [6], and
there is plausible formation of CSROs in the alloys,
especially after sample aging at high temperatures [7–11].
Numerous studies have explored the nanoindentation creep
behavior ofmaterials such as high-entropy alloys, nanoglass

films, and medium-entropy alloys demonstrating that fac-
tors such as internal structure, external loading sequence,
and strain rate sensitivity significantly influence creep
behavior, where thermomechanical processing can improve
performance under shock loads [12–16]. On one hand, it has
been observed that dislocation stacking fault widths are
sensitive to the formation of such short-range order [14,17],
which is commonly (in metallurgy) associated with large(r)
mechanical strength.
Moreover, such improvements in NiCoCr strength have

been also greatly attributed to solid solution strengthening,
due to lattice distortion effects, with no or very little
contributions from short-range ordering [18]. Therefore, a
deeper understanding of CSRO is required to identify how to
control and possibly, augment CSRO features, and check its
causal effects on mechanical properties. For this purpose, in
this work, we theoretically consider dwell nanoindentation
as a possibleway to locally manipulate CSRO in equiatomic
NiCoCr, and lead to causal connections between hardness
and microscopy-resolvable nanostructural features. We
utilize molecular simulation, as well as Monte Carlo meth-
ods, and we show that CSRO (if it exists) will be unstable to
the formation of unconventional density-wave ordered
(DWO) stripe patterns, that are highly anisotropic and
originate due to interatomic potential features.
CSRO is commonly observable at the nanoscale, ranging

between 0.5–2 nm in linear size [8]. Starting from a random
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solid solution (RSS), it is natural to expect that constituent
element enthalpic interactions may cause CSRO formation
at the atomic scale [7,11,14,18–29]. CSROs have a notable
effect on defects (dislocations, interstitials, and vacancies,
etc.) and their dynamical behavior, as well as macroscopic
alloy mechanical properties [7,14,18,19,27–30]. CSRO is
commonly inferred through implicit experimental measure-
ments, through their relation tomacroscopic properties, such
as stacking-fault energy, hardness, irradiation effects, etc.
[24–26,31]. CSRO is also investigated in theoretical and
computational works [10,27,32], with the most intense
focus being on the case of equiatomic NiCoCr [17,27].
Molecular dynamics (MD), spin polarized density func-
tional theory [10], but also Monte Carlo (MC) simulations
have been utilized to characterize CSRO structural fea-
tures [32].
Creep deformation studies in multicomponent alloys are

abundant [33–39]. Here, we aim at utilizing creep defor-
mation to comprehend in a deeper sense the character of
CSRO by promoting nontrivial predictions for elemental
density wave ordering at the nanoscale. While uniaxial
testing [39–43] and nanoindentation, alongside micros-
copy, have been used for the elucidation of lattice defect
deformation mechanisms [44], the constant-load dwell
nanoindentation tests, between 1 min to 10 h of dwell
time, have been solely popular for investigating the relation
between hardness and indentation strain rate over a,
possibly wide, temperature range [45–48]. We use this
concept to generate predictions for CSRO nanopatterning at
room temperature that may be directly observable using
electron microscopy techniques. While this work is fully
focused on modeling aspects and predictions for CSRO
saturation regimes that may emerge at each loading depth,
prior alloy studies [45–48] shall allow us to conclude that
the proposed scenario is attainable at room conditions.
In this Letter, we utilize hybrid MC-MD simulations,

using LAMMPS [49], to demonstrate the plausible thermo-
mechanical effects of a dwell nanoindentation scenario in
single-phase equiatomic RSS NiCoCr. RSS samples were
generated using random elemental sampling on appropriate
face-centered cubic (FCC) lattices, with crystal orientations
of x ¼ ½100�, y ¼ ½010�, and z ¼ ½001� or x ¼ ½100�,
y ¼ ½011̄�, and z ¼ ½011�, and dimensions 25.85 × 23.59×
15.14 nm3. Samples then undergo energy minimization at
T ¼ 0 K and then relaxation for 100 ps at T ¼ 300 K with
time discretization Δt ≃ 1.0 fs, in an isothermal–isobaric
(NPT) ensemble at temperature T, pressure P and particle
number N, with a Nose-Hoover thermostat and baro-
stat with relaxation time scales of τthermd ¼ 10 fs and
τbard ¼ 100 fs, using an embedded-atom method-based
potential, first proposed by Li et al. [27], who also showed
that annealing of the samples (even at room temperature)
leads to the formation of characteristic Ni-rich SRO
patterning, which we will generally refer to as short-range
order (SRO) samples in this Letter. The nanoindentation

process was performed through an canonical ensemble
NVE (with system of particle number N, volume V, energy
E). Furthermore, nanoindentation was performed along z,
using a tip at radii of 3.5, 5, and 7 nm. To set up boundary
conditions along the depth (dz), the samples are divided
into three sections in the z direction: a frozen section for
numerical cell stability (0.02 × dz), a thermostatic section
to dissipate heat from nanoindentation (0.08 × dz) and a
dynamical atoms section where the surface structure is
modified by the indenter tip. A 5 nm vacuum section was
also included as an open boundary at the top of the sample.
The indenter tip is assumed to be a rigid sphere with force:
FðtÞ ¼ K½r⃗ðtÞ − R�2, where K ¼ 1000 eV=Å3 and R is the
tip radius, moving along the z direction with a speed of
v ¼ 20 m=s, a value which is independent of the final result
of our study. Also, the tip velocity is below the speed of
sound in solids [50]. This allows us to capture the elastic
Hertzian regime and model early dislocation nucleation
[51–53]. The methods are elaborated further in Supple-
mental Material [54]. In addition, we randomly changed
the position of the indenter tip center to ten different
locations to account for statistical variability in our results,
across three different samples (RSS, SRO, DWO) with
all the samples considered with the same box size of
25.85 × 23.59 × 15.14 nm3. Additionally, to ensure that
results are not affected by the underlying atomic structure,

FIG. 1. Nanoindentation protocol for SRO reorganization in
equiatomic NiCoCr alloys. The process starts when the aged
NiCoCr sample (a) is indented up to a certain depth (b).
Afterward, the indenter’s velocity is set to zero, this is the
moment when the hybrid MD-MC process starts again and leads
to a configuration in which Ni and Co-Cr segregate or are no
longer randomly distributed but are reorganized and form stripe
patterns under the indenter tip (c). The resulting pattern retains its
shape even after the indenter is removed from the sample (d). This
pattern is not observed during normal loading-unloading nano-
indentation simulation like the process shown by the blue line (e).
The inset figure displays the corresponding processes in the load-
depth coordinates, where symbol types define the loading path.
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we studied five equiatomic samples for each crystal
orientation, differing in their initial RSS atomic positions.
As shown in Fig. 1, when the indenter reached the target
depth (1, 2, or 3 nm), vwas set to zero and then MC thermal
relaxation (“holding”) process was performed using the
variance-constrained semigrand canonical (VCSGC)
ensemble [27,61] at T ¼ 300 K. The chemical potential
differences ΔμNi-Cr ¼ −0.31 and ΔμNi-Co ¼ 0.021 and the
variance constraint κ ¼ 1000 are set as in Ref. [27]. The
holding part (cf. Fig. 1) includes 1 MC cycle for every
20MDstepswithin theVCSGCensemble for a total number
of 150000 MC cycles, ensuring that the thermalized con-
figuration contains stable SRO patterning.
In the studied protocol (cf. Fig. 1), equiatomic NiCoCr,

which has been shown to display Ni-rich SRO patterns
[27], is indented to a specified indentation depth in the
“loading” step. The CSRO changes only during the holding
step, where the indenter is held fixed and thermomechan-
ical MC-MD relaxation is performed at room temperature
(cf. Fig. 1). Because of holding, a load drop is commonly
observed from maximum Pm at time tl to Ph at time ta. The
“unloading” step consists of removing the load altogether at
a velocity of v ¼ −20 nm=s, using MD, and then perform
further MC-MD relaxation at the sample. We find that a
characteristic DWO pattern emerges after unloading at ta-u
(cf. Fig. 1), that would not appear without the holding
stage. The whole protocol is also illustrated in the load-
depth plot in the inset of Fig. 1.
The characterization of the resulting nanoindentation-

driven DWO pattern observed in our simulations, is shown
and compared to a RSS and a Ni-rich SRO sample in Fig. 2.
The DWO and SRO rich samples happen to have a larger
mechanical strength and hardness than a RSS, as their load-
depth (P-d) curves illustrate in Fig. 2(a). This could be due
to the already observed Ni-dominated solute segregation,

that is pinning and obstructing dislocation motion [17,62].
This phenomenon may also be implied by a drastic
dislocation density increase for DWO and SRO samples
at smaller depths, compared to RSS ones, as shown in the
inset of Fig. 2(a). Although the fourfold rosette pileup
pattern is preserved for all the samples due to FCC crystal
structure [Figs. 2(b)–2(d)], the RSS plastic zone is typically
larger than those of the DWO and SRO samples, as shown
in Figs. 2(e)–2(g), concluding that SRO and DWO have
analogous dislocation pinning effects.
The character and origin of the emergent DWO onset

was further investigated, by considering the effect of crystal
orientation. We find that the behavior for crystals along
x ¼ ½100�, y ¼ ½010�, and z ¼ ½001� [cf. Fig. 3(b)] is
drastically different from the original orientation behavior
[cf. Fig. 3(a)] with the DWO orientation being tilted.
However, further inspection shows that DWO forms along
z ¼ ½011� universally in the same direction relative to the
crystal [cf. Fig. 3(b)]. The same protocol yields asymmetric
outcomes in tension and compression tests, with reorgani-
zation evident in tension but not in compression (see
Supplemental Material [54]). The DWO pattern also aligns
with the maximum von Mises and principal stress, accu-
mulated in the [011] planes [cf. Figs. 3(c) and 3(d)], a fact
that implies material anisotropy. To further elucidate this
issue, we estimate the pairwise potential energy for the Ni-
Ni, Ni-Cr, and Ni-Co pairs in a RSS crystal oriented in
x ¼ ½100�, y ¼ ½011̄�, and z ¼ ½011�, as shown in Fig. 3
[cf. 3(f)], is calculated for each atom [cf. Fig. 3(e)],
considering only the first nearest neighbors defined by
the first pick of the pair correlation function gðrÞ (3 Å).
With this input, we compare the total energy of a DWO
ansatz (see Supplemental Material for details [54]) order
that compares well with Fig. 3(a) and contains the
interstripe distance as a free parameter. By comparing this

FIG. 2. Nanoindentation-induced reorganization of short-range ordering in metallic alloys. (a) Load-displacement (LD) curves, along
with the Hertz fitting, for a random solid solution (RSS), an annealed sample, and a DWO sample created out of the dwell
nanoindentation protocol with an indenter of radius 20 nm and in the elastic regime. The annealed and striped samples exhibit higher
strength compared to the RSS. The inset shows the effect of sample preparation on dislocation density evolution during the loading
process. (b)–(d) Pileup patterns for RSS, annealed (SRO), and striped (DWO) FCC samples preserving the characteristic fourfold
symmetry rosette. (e)–(g) Stacking planes identified by a shear-strain mapping and dislocation network underneath the indenter tip,
illustrating the smaller plastic region for the annealed and striped samples.
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DWO ansatz energy to the energy of RSS samples, we find
that the optimal interstripe distance is very close to the one
realized in MD simulations. In this way, we conclude that
the DWO emergence is deeply linked to the energetic
features of the interatomic potential, which is also the
key cause of SRO emergence in equiatomic NiCoCr

simulations. These peculiarities are also sufficient to
closely resemble the nanometer-scale observations of SRO
made possible by advanced experimental tools [9]. In order
to verify our results, a comparison with an alternative
interatomic potential, developed by Farkas et al. [59], is
made. In that case, SRO is not observed, neither during
aging [17], nor after the nanoindentation protocol imple-
mented in the current work.
The emergent DWO displays strong size effects [63],

which are dependent on the indentation depth and indenter
tip radius as a function of temperature (cf. Fig. 4). In our
displacement-controlled tests, we find that load-time (P-t)
curves [cf. Figs. 4(a)–4(c)] display a larger load drop [63]
during holding as depth or tip radius increases, leading to
spatially extended DWO (cf. Fig. 4), resembling the plastic
zone size. While not studied here, we also expect that size-
dependent strain bursts should be observed in load-
controlled tests. More specifically, the protocol discussed
in Fig. 1 is implemented for two different indenter depths
(1 and 3 nm) while the temperature (300 K) and the
indenter tip radii (3.5 nm) are kept fixed [cf. Figs. 4(d) and
4(e)]. Furthermore, increasing the indenter radii from 2 to
7 nm gives rise to a larger plastic zone and as a result, a
larger DWO pattern [cf. Figs. 4(h) and 4(i)]. This effect can
also be observed from the larger load drop observed in the
P-t curves for the larger radii [cf. Fig. 4(c)]. However,
increasing the temperature (from 300 to 400 K), while the
indenter depth and radii are the same, also results in a more
organized DWO pattern shown in Fig. 4 [cf. 4(f) and 4(g)],
but there is no pronounced size effect, as shown by the
absence of a load-drop decrease [cf. Fig. 4(b)].
Given the elusive character of SRO formation in

advanced alloys [31], the described dynamic nanoindenta-
tion protocol appears to be a plausible candidate for
nanoscale manipulation and control of CSRO patterns in
equiatomic NiCoCr and possibly, other multicomponent
alloys. By the investigation of thermomechanical features

FIG. 3. Origin of nanoindentation-driven reorganization of
short-range ordering. (a),(b) are the SRO patterns found along
the z½011� and z½001� orientations, respectively. (c),(d) illustrate
the correlation between the stripe patterns’ orientation shown in
(a),(b) and the von Mises stress. The pairwise energy between
Ni-Ni, Ni-Cr, and Ni-Co atoms within each atom’s neighbor list
(e) is plotted in the same plane in (a) (but for separate Ni, Ni-Cr, and
Ni-Co crystals) with respect to the in-plane angle of the pair atoms
(f). As shown in (f), theNi-Cr pairs have an average energy lower by
3 orders of magnitude compared to Ni-Ni and Ni-Co pairs.

FIG. 4. Effect of size and temperature on nanoindentation-driven reorganization of short-range ordering. Load-redtime (P-t) curves for
nanoindentation at different holding depths are shown in (a), where a larger holding depth results in more pronounced stripe patterns as
depicted in (d),(e). The corresponding vonMises stress values, in units of gigapascals, are shown in inset snapshots of (d)–(i) and exhibit
a similar correlation with the stripe patterns. Increasing the temperature by 100 K in (b) results in a more organized stripe pattern (f),(g)
due to higher von Mises stress values (more red spots in the inset). The increase of indenter radius leads into a larger load drop (c) and
affects the pattern size, as shown in (h),(i).
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and size effects, we conclude that atomic scale Ni-rich
segregation strongly influences the mechanical properties
of equiatomic NiCoCr, in a way that can be quantified in
dynamic nanoindentation. CSRO reorganization mecha-
nisms in NiCoCr are shown to be energetic in character (as
opposed to entropic) leading to highly complex and
anisotropic patterns in space. Such morphological com-
plexities may not be fully captured by the classical Guinier-
Preston (GP) zone model describing early-stage kinetics of
precipitation hardening as a transition from RSS states to
clustered configurations. More recent approaches aim to
incorporate local chemical complexities by considering the
dominant role of enthalpic interactions over configurational
entropic effects and their influence in short-range ordering
[27]. In our study, the origin of DWO emergence is tracked
back at the potential energy surface of a RSS crystal.
Finally, the pronounced observed size effects of the
emergent DWO suggest that, for experimentally relevant
nanoindentation depths and tip radii, the emergent DWO
shall be visible under common electron microscopy tools at
the nanoscale.
As a concluding remark, the emergence of Ni-rich SROs

under thermal annealing and their further enhancement due
to the stress concentration could be a rather generic feature,
not specific to particular chemical compositions and/or
simulation details employed in this study. By utilizing a
different interatomic potential in binary Ni90Al10, Ni76Al24,
and Ni60Al40 alloys [57], we present evidence that the
emerging stripelike patterns associated with Ni-based
clusters may indeed constitute fairly universal mechanisms
that could be understood from basic energetic arguments
(see Supplemental Material [54] for further details).
Nevertheless, it is necessary to explore the robustness of
these findings across a broader range of chemically com-
plex alloys by experimental means.
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COMPUTATIONAL METHODS

We first defined the initial pure fcc Ni sample with a lattice constant of 0.35295 nm followed

by randomly replacing Ni atoms by Co and Cr atoms at [100] and [110] crystal orientations with a

dimensions 25.85⇥ 23.59⇥ 15.14 nm3. The samples then follow a process of energy optimization to

find the lowest energy structure. After that, we conducted an equilibration process for 100 ps using

a Nose-Hoover thermostat at 300 K with a time constant of 100 fs [1, 2]. This process continued

until the system reached a homogeneous temperature and pressure profile.

The indenter tip is considered as a non-atomic repulsive imaginary (RI) rigid sphere with a

force potential defined as: F (t) = K (~r(t)�R)2, where K = 1000 eV/Å3 (160 GPa) is the force

constant, and ~r(t) is the position of the center of the tip as a function of time, with radii R =

3.5, 5, and 7 nm which defines a hard sphere indenter. We apply MD simulations using an NV E

statistical thermodynamic ensemble and the velocity Verlet algorithm to emulate an experimental

nanoindentation test. Periodic boundary conditions are set on the x and y axes to simulate an

infinite surface, while the z orientation contains a fixed bottom boundary and a free top boundary

in all MD simulations [1]. Here, ~r(t) = x0x̂ + y0ŷ + (z0 ± vt)ẑ, with x0 and y0 as the center of

the surface sample on the xy plane. The initial gap between the surface and the indenter tip,

z0 = 0.5 nm, moves with a speed of v = 20 m/s and is chosen as positive for loading, as negative

for unloading processes, and set to zero for holding process.

The center of the indenter tip was randomly changed to 10 different positions to consider statis-

tics in our results, resulting in a total of 30 MD simulations; across three different samples (RSS,
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SRO, DWO), while the box size for all the samples remained unchanged. Each process is performed

for 125 ps with a time step of �t = 1 fs. The maximum indentation depth is chosen to be 3.0 nm

to avoid the influence of boundary layers in the dynamical atoms region. The load-displacement

curve is then obtained by plotting the force on the indenter tip as a function of its displacement

relative to the surface, as the indenter tip is driven into the material over time.

We calculate the average load, Pave = 1/N
P

N

i
Pi, where Pi represents the load obtained from

each MD simulation with randomly varied positions for the center of the indenter tip on the NiCoCr

surface. Additionally, we include the maximum and minimum loads as a function of indentation

displacement from all MD simulations, shown as a colored region to display the statistical analysis

in our study. We use a Hertz fitting curve based on the sphere–flat surface contact to characterize

the elastic nanocontact during the loading process. The Hertz fitting curve is expressed as:

PH =
4

3
Ee↵R

1/2h3/2, (1)

where R is the indenter radius, h is the indenter displacement, and Ee↵ is the effective elastic

modulus.

We use OVITO [3] with the DXA package to identify compute the total dislocation length, l, of

each crystal orientation and their corresponding dislocation density, ⇢, defined as

⇢ =
l

VD

, (2)

by using a hemispherical radius of the plastic zone of rpz = apz
⇥
r2 � (r � h)2

⇤
1/2 with apz = 1.9 and

the total volume equals to the hemispherical volume excluding the volume displaced by the indenter

tip as VD =
�
2⇡r3pz/3

�
�
�
⇡h2(r � h)/3

�
, with r as the indenter radius and h the indentation depth.

Excluding pile up or sink in effects in this model. Our observations show that the RSS, SRO, and

DWO have an effect on the initiation of dislocation nucleation.

DISCUSSION

Uniaxial compression and tension

To simulate the compression and tension (tensile) test, the MD model was set up with loading

applied along the [001] and [011] axes of samples with dimensions 14.28⇥14.28⇥24.98 nm3 and with

crystal orientations of x = [100], y = [010] and z = [001] or x = [100], y = [011̄] and z = [011]. The

initial structures of the NiCoCr were equilibrated first with MD and then with hybrid MC/MD at

room temperature for 100 ps, in an NPT ensemble with a Nose–Hoover thermostat and barostat with
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relaxation time scales of ⌧ therm
d

= 10 fs and ⌧bar
d

= 100 fs, leading into stable SRO configurations of

the samples. Next, a constant engineering strain rate of 0.001 was applied along the wire direction

in a canonical NVT ensemble to study the nanomechanical response of the material under zero load

and uniform stress, with a displacement of 5%L (where L is the length of the sample). Afterwards,

the MD/MC relaxation was redone in a NVT ensemble, ensuring the presence of uniform tensile

and compression stress during the relaxation, depicted in Fig. S1.

Figure S1 shows the simulation results for NiCoCr alloys with (001) and (011) crystal orienta-

tions subjected to compression (a-b) and tension (c-d). Our findings indicated that compression

simulations did not exhibit an ordering effect, while tensile simulations showed ordering, which

followed the close-packed planes. During a tensile test, as the stress increases, dislocations begin

to move and interact with each other, leading to plastic deformation. This motion of dislocations

can result in the formation of strain hardening, where the material becomes harder and stronger as

FIG. S1. Compression and tension induced ordering and von Mises stress mapping for NiCoCr sample

at (001) in a-b) and (011) in c-d) crystal orientations, respectively. Noticing that the reorganization of

Short-Range Ordering in metallic alloys is observed by tension test primarily.
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it is deformed, as observed experimentally [4, 5]. The ordering effect observed in our simulations

is linked to the close-packed planes, which have the highest number of atoms per area and are in

close-packed directions. These results are consistent with our nanoindentation simulations, which

involve both compression and tension during the loading process.

In addition, we carried out a calculation of the short-range ordering in SRO, RSS, and compres-

sion that is prepared by our novel protocol with MC+MD simulation for compression simulations.

The Warren-Cowley SRO parameter is a widely used parameter to describe short-range order in

alloys. It quantifies the degree of order in a binary alloy by measuring the probability of finding

two atoms of the same type at a certain distance. Results for the Warren-Cowley SRO parameters

(see the relevant definition below) are presented in Fig. S2, S3, and S4 [6].

Robustness analysis: interatomic potential function

As a robustness analysis, we further probed the simulated Ni90Al10 metal alloy based on the

interatomic potential function employed by Abuodeh et al. [7] and sought for variations in the

spatial re-organization of SROs due to nano-indentation, as depicted in Fig S5. Here, In this

framework, we probed the Warren–Cowley SRO parameters Pab(r) [8] measuring the concentration

FIG. S2. Short-range ordering in SRO, RSS and samples preprared with our protocol under uniaxial

compression. Warren–Cowley SRO parameters including (a) pNiNi, (b) pNiCo, (c) pNiCr, (d) pCoCo, (e)

pCoCr, and (f) pCrCr plotted against distance r at Ta = 300 K.
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FIG. S3. Short-range ordering in SRO, RSS and samples preprared with our protocol under uniaxial

tension. Warren–Cowley SRO parameters including (a) pNiNi, (b) pNiCo, (c) pNiCr, (d) pCoCo, (e) pCoCr,

and (f) pCrCr plotted against distance r at Ta = 300 K.

FIG. S4. Short-range ordering in SRO, RSS and DWO samples. Warren–Cowley SRO parameters including

(a) pNiNi, (b) pNiCo, (c) pNiCr, (d) pCoCo, (e) pCoCr, and (f) pCrCr plotted against distance r at Ta = 300

K.

variations of type-b atoms at a distance r from a center type-a element. In the random solid solution

limit, one obtains PRSS
ab

= ⇢b statistically at any r. Here ⇢b denotes the molar concentration of
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type-b element.

Figure S5(a-d) illustrates Pab as a function of distance r associated with the random solid solution

(RSS), annealed sample (SRO), and pre-indented annealed alloy (DWO) including the NiNi, NiAl,

AlNi, and AlAl elemental pairs at Ta = 300 K. In Fig. S5(a), the abundance of the Ni-Ni pairs in

DWO beyond random concentrations is fairly pronounced and appears to persist up to r ' 8 Å.

This is contrasted by a rather rapid decay of PNiNi associated with SRO, reaching the noise floor

above r ' 4 Å. We remark that the former exceeds the latter by at least 1% at almost every distance

r. This observation is in very close agreement with our finding relevant to the indented NiCoCr

that the stress concentration tends to enhance SRO features associated with NiNi bonding. As for

the Al-Al pairs shown in Fig. S5(d), we observe an opposite trend implying that pre-indentation

appears to slightly suppress AL ordering features in comparison with SRO. We further note that,

by construction, PNiAl = 1� PNiNi and PAlNi = 1� PAlAl as in Fig. S5(b-c).

FIG. S5. Short-range ordering in SRO, RSS and DWO samples corresponding to Ni90Al10. Warren–Cowley

SRO parameters including (a) PNiNi, (b) PNiAl, (c) PAlNi, (d) PAlAl plotted against distance r at Ta = 300

K.

Figure S6 compares the results obtained using the Farkas et al. [9] potential with those obtained

by Li et al. [5]. The results clearly demonstrate the significance of short-range order (SRO) informa-

tion in our nanoindentation protocol. In multi-principal element alloys, the behavior of dislocations

is influenced by variable lattice constant offsets (LCOs), resulting in unique slip paths and nanoscale

segment detrapping (NSD) processes that govern the alloy’s strength. Through careful selection

of processing parameters, such as the homogenization annealing temperature, we can optimize the
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FIG. S6. Cross-section of indented (001) NiCoCr indented obtained by performing MD simulations based

on the potential developed by Farkas et al. in a), stripes formation is not observed due to the lack of SRO

information. We compare results to those obtained by using the Li-Sheng-Ma potential in b).

FIG. S7. Origin of nanoindentation–driven reorganization of Short-Range Ordering by considering different

sample configurations. Figs (a-e)–upper panel depict the SRO patterns found along the [001]z orientations.

Bottom panels illustrate the correlation between the stripe patterns’ orientation and the von Mises stress.

material’s properties. The Li et al. EAM potentials exhibit excellent features and capabilities,

allowing us to effectively model the segregation and ordering induced by nanoindentation tests.

Stripes analysis

In our study, we investigated the effect of crystal orientation on the ordering of NiCoCr alloys

using different configurations, as shown in Fig. S7 and S8. Our nanoindentation protocol resulted

in the consistent observation of ordering in the NiCoCr samples. This ordering phenomenon can

have significant implications for the material’s mechanical properties, such as strength and ductility,

as it can affect the formation and behavior of defects such as dislocations and voids.

We consider an approximate "mean-field" argument for explaining the separation distance be-

tween stripes in DWO samples (where the NiNi and CoCr stripes exist), by comparing an estimate
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FIG. S8. Origin of nanoindentation–driven reorganization of Short-Range Ordering. Figs (a-e)–upper

panel depict the SRO patterns found along the [011]z orientations. Bottom panels illustrate the correlation

between the stripe patterns’ orientation and the von Mises stress.

of the energy of a RSS sample of the same composition (Fig. S9) with a particular ansatz of two-

dimensional stripes, of specific thickness, and separation distance equal to the stripe width (for

simplicity purposes, given the simulation observations). These structures emerge in post-indent

samples in MD simulations as reported in the main text of the manuscript, after room-temperature

aging effects. By comparing the energy levels of the DWO ansatz with the RSS samples, we provide

a theoretical estimate of the stripe’s width value.

Configurations are shown in Fig. S9 and consist of 4412 atoms in which the Ni share is 43 percent

while the Co and Cr share 28 and 29 percent, respectively.

A RSS sample’s total energy, considering only the first nearest neighbours (a cutoff radius of 3

Åfrom any center atom, provided by the first peak of the pair correlation function g(r)), is equal

to the sum of all pairwise energies,
P

ij
Eij :

ERSS =
X

AiBj

ERSS

AiBj
+

X

AiCj

ERSS

AiCj
+

X

BiCj

ERSS

BiCj

+
X

AiAj

ERSS

AiAj
+

X

BiBj

ERSS

BiBj
+

X

CiCj

ERSS

CiCj

(3)

Where A, B and C refer to Ni, Co and Cr elements, respectively. Formulation of the total energy

of a DWO sample on the basis of stripe width ’d’, configuration dimensions ’L’ (width of box) and

’L’ (height), considering a 2-dimensional system, and pairwise energies of NiNi and CoCr stripes

results in:
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Ni

Co

Cr

b)a)

FIG. S9. DWO and RSS configurations considered for stripe width calculation. a) is a RSS configuration

and b) is a DWO configuration with 4 NiNi stripe ribbons and other 4 CoCr stripes. Both configurations

have the same elemental composition.

EDWO[d] = Ns ⇥ d⇥ L⇥
X

AiAj

EDWO

AiAj

+Ns ⇥ L⇥
P

AiCj
EDWO

AiCj
+
P

AiBj
EDWO

AiBj

2

+(⇤� d⇥Ns)⇥ d⇥ L⇥
X

BiCj

EDWO

BiCj

(4)

Table I is the extracted values of Eq. 3 and Eq. 4 from the configurations illustrated in Fig. S9.

Ns refers to the number of NiNi and CoCr stripes here, which is 8 based on Fig. S9.(b) . Solving

for ERSS = EDWO[d] and inserting values reported in Table.I, generates a quadratic formula of the

form P ⇥ d2 +Q⇥ d+W = 0:

1617759.26⇥ d2 � 10729446.41⇥ d� 1406209.84 = 0 (5)

solving for ’d’ results in d = (6.761, �0.13). Since a negative stripe width is not allowed d =

6.761 Å, which is almost as wide as the two Ni atoms next to each other with an atomic radius of

1.63 Å.

TABLE I. Parameter Values
Parameter ERSS Ns L ⇤

P
EDWO

AA

P
EDWO

AB

P
EDWO

AC

P
EDWO

BC

Value -1154.50 eV 8 47.66 Å 49.27 Å -2009.22 eV -2916.65 eV -4461.02 eV -4240.30 eV

Indenter tip velocity analysis

To investigate the impact of indenter tip velocity during the initial step of our protocol, we

decreased the indenter velocity to 5 m/s, and compared with the results for a tip velocity of 20
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m/s. Subsequently, we repeated the protocol using an equiatomic NiCoCr sample, with an indenter

tip diameter of 5 nm and an indentation depth of 3 nm. Fig. S10 shows that very similar DWO

patterns, with virtually identical correlation characteristics, emerge independent of the indenter tip

velocity. The similar DWO patterns are expected, as the key aspect of the process is the "holding"

step, where the strain rate is zero, a stage of the protocol that leads to the reorganization effects.

In addition, The speed is substantially lower than the speed of sound in solids [10]. This allows

us to precisely capture the elastic Hertzian regime, allowing us insights that mimics real–world

experiments [2].

Dwell Nanoindentation Analysis of NiAl40 Solid Solution

To further assess the applicability of the protocol introduced in this study, we examined NiAl40 as

an additional case. According to the NiAl phase diagram [11], NiAl40 is identified as a solid solution.

For this analysis, we explored two crystal orientations mirroring those selected for NiCoCr (([001]z

and [011]z)). Subsequently, the dwell nanoindentation protocol was employed on the samples.

As depicted in Fig. S11, the Short Range Order (SRO) patterns, comprising substantial Ni and

Al clusters, undergo reorganization into smaller clusters beneath the indenter tip. Notably, the Von-

Mises stress beneath the indenter tip reaches a significant magnitude. It is important to highlight

the restructuring of the SRO patterns in response to the nanoindentation, indicating the protocol’s

effectiveness across different material compositions. Additionally, the substantial Von-Mises stress

underscores the mechanical impact induced during the indentation process.

FIG. S10. Effect of indenter speed. Fig (a) is the studied protocol for equatomic NiCoCr with an indenter

tip velocity of 20 m/s and Fig (b) 5 m/s. As shown, the final DWO pattern emerges independent of the

indenter tip speed.
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Dwell Nanoindentation Analysis of NiAl24 Solid Solution

As a final example, we focused on NiAl24 to investigate the reorganization effects facilitated by

our dwell nanoindentation protocol. NiAl24, identified as a solid solution according to its phase

diagram [11], underwent a hybrid MC-MD relaxation process when positioned along [001]z and

[011]z orientations. Subsequently, we applied the nanoindentation protocol.

As depicted in Fig. S12, the NiAl L12 clusters beneath the indenter tip underwent a distinct

transformation, evolving into small Al-dominated stripes within regions rich in Ni. It is noteworthy

to highlight that the Von-Mises stress beneath the indenter tip reached its maximum, corresponding

to the reorganized regions. This emphasizes the connection between the induced structural changes

and the mechanical stress experienced during the nanoindentation process.

FIG. S11. Nanoindentation-induced reorganization of Short-Range Ordering in NiAl40 alloys. The nanoin-

dentation protocol triggers the reorganization of SRO patterns (top row) in both [001] and [011] crystal

orientations (middle row). The corresponding Von Mises stress, higher in the reorganized regions of the

sample, is illustrated in the bottom row.
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FIG. S12. Nanoindentation-induced reorganization of Short-Range Ordering in NiAl24 alloys. The nanoin-

dentation protocol triggers the reorganization of SRO patterns (top row) in both [001] and [011] crystal

orientations (middle row). The corresponding Von Mises stress, higher in the reorganized regions of the

sample, is illustrated in the bottom row.

Principal Stress Analysis

To further investigate SRO patterns and their potential links with the stress state, we analyzed

principal stresses �1,�2,�3 and corresponding planes n1, n2, n3 per atom as in Fig. , illustrating

these atom-wise quantities associated with the two loading planes (001) and (011). To facilitate

meaningful comparisons between the variables of interest, we scale each eigenvalue by a norm (�2

1
+

�2

2
+�2

3
)1/2 to account for stress variations with depth. We note that negative eigenvalues (i.e. �1 <

0) correspond to compressive normal stresses and our expectation is that, statistically speaking,

principal stress values with a negative sign and large magnitudes (|�1| ' 1) will substantially

contribute to the SRO formation. Overall, such correlations appear to be fairly pronounced in �1

maps illustrated in Fig. (c-d) but are also present (to a lesser extent) in Fig. (e-h) depicting �2 and

�3.
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a) loading plane (001)

[001]

[010].

b) loading plane (011)

[011]

[011̄].

c) �1 d)

e) �2 f)

g) �3 h)

FIG. S13. Principal stress maps corresponding to (001) and (011) loading planes shown in the left and right

panels, respectively. Here �1  �2  �3. The eigenvalues are normalized by (�2
1 + �2

2 + �2
3)

1/2 for a better

clarity. The colors in a) and b) represent different chemical elements. The blue and red colors in c � h)

denote (scaled) stress values of -1 and 1.
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a) (001) loading, �1  Med(�1) b) (011) loading, �1  Med(�1)

c) �1 > Med(�1) d) �1 > Med(�1)

FIG. S14. Snapshots of atoms with �1 a, b) below c, d) above the median value. The colors represent different

chemical elements.

The above observation is further validated in Fig. (a) and (b) displaying a fraction of atoms

with the lowest principal stress below the corresponding median, �1  Med(�1). This conditioning

can essentially capture a substantial amount of the Ni-rich stripes (red atoms) but also seems to

incorporate individual Co atoms (in blue) which are typically one neighbor apart by Cr atoms

(yellow spheres). These well-connected stripes almost disappear when applying the conditioning

criterion of atoms with the lower-than-median �1 values, as in Fig. (c) and (d).

Fig. depicts the principal stress directions n1 and n3 associated with the lowest and highest

eigenvalues. Here, we only include Ni atoms with �1  Med(�1) to enhance clarity. Despite the

large amount of scatter in our data, the overall trend we discern is that the minor principal stress

direction n1 tends to be statistically aligned with the anisotropy features of the Ni-rich stripes. This

alignment is influenced by the direction of loading as well as the crystal symmetry as evidenced in

Fig. (a) and (b).

⇤ stefanos.papanikolaou@ncbj.gov.pl
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