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Abstract

Reliable prediction of material behavior at the atomic scale is critical for the design,
improvement, and development of high-performance structural alloys. Among them, the
CoNiRu-based alloy has emerged as a promising candidate to many applications in aerospace,
nuclear energy, and high-temperature manufacturing due to its high tolerance to mechanical
loading, thermal stability, and potential for use in extreme environments. In this study, the
CoNiRu ternary alloy system is systematically evaluated using atomistic simulations
implemented in Large-scale Atomic/Molecular Massively Parallel Simulator (LAMMPS), where
a universal machine learning interatomic potential (uMLIP) model is benchmarked against
density functional theory (DFT) results. The uMLIP is assessed for its ability to predict lattice
parameters and elastic constants in face-centered cubic (FCC) and hexagonal close-packed
(HCP) structures at 0 K and 300 K, as well as generalized stacking fault energies (GSFE) in FCC
and HCP structures at 0 K. The findings of this work offer critical insight into whether uMLIP
can accurately approximate key mechanical and structural properties of CoNiRu alloys when
compared to DFT results. The capabilities and limitations of uMLIP for modeling multi-
component alloy systems will be tested, with implications for accelerated alloy design and
deployment in advanced engineering applications. Gathering atomic simulation data using
uMLIP proves to be promising and resource-efficient when juxtaposed with DFT method of data

collection.

viii



Chapter 1: Introduction

1.1 Motivation and Relevance of CoNiRu

The development of testing high-performance structural alloys has been a cornerstone of
advancement for modern engineering solutions, particularly in applications involving extreme
environments such as aerospace propulsion, nuclear reactors, and high-temperature
manufacturing '), In these domains, materials must exhibit exceptional mechanical strength,
thermal stability, and resistance to deformation mechanisms such as dislocation slip and creep.
The ability to predict and tailor material properties at the atomic scale is therefore essential to

accelerate alloy design and reduce reliance on costly experimental trial-and-error approaches.

Among emerging high-performance structural alloy candidates, the CoNiRu ternary alloy
system has attracted significant attention due to its promising mechanical and thermal
characteristics. As a multi-component alloy composed of transition metals, CoNiRu offers the
potential for enhanced strength, phase stability, and defect resistance through compositional
tuning and chemical ordering ). Despite its potential, however, a comprehensive understanding
of its fundamental mechanical behavior remains limited. Reliable modeling tools are needed to

characterize critical material parameters that govern performance under service conditions.

Figure 1: Atomic Model of Equimolar FCC CoNiRu



Reliable prediction of material properties at the atomic scale plays a central role in
accelerating alloy design. First-principles methods such as DFT offer high accuracy in
calculating structural and mechanical properties; however, their high computational cost limits
their applicability to small systems and a narrow range of compositions ). To overcome these
limitations, recent efforts have turned to machine learning data-driven trained modeling,
particularly the use of uMLIP, which aims to reproduce the accuracy of DFT while enabling

simulations at significantly larger scales and lower computational cost.

In this study, a uMLIP model is integrated within the LAMMPS framework to investigate
the key properties of CoNiRu-based alloys. Simulations are performed on five systems: CoNiRu
in FCC and HCP structures, Co2Ni-Ru (FCC), CoNiRu2 (HCP), and pure Ni (FCC). For each
structure, key material descriptors—including lattice parameters and elastic constants—are
calculated at 0 K and 300 K, and GSFE are evaluated at 0 K. To validate the predictive
performance of the uMLIP, the results are benchmarked against DFT-based simulations. The
resulting comparison provides a baseline for assessing the accuracy of the uMLIP approach in
modeling multi-component alloy systems. Through this dual-framework evaluation, the study
aims to offer insights into the applicability of universal MLIPs for structural alloy design and

their role in bridging the gap between computational efficiency and predictive fidelity.

1.2 Challenges in Modern Day Predictive Modeling

The accurate prediction of key behavior in complex alloy systems such as the three-part
CoNiRu alloy presents a longstanding challenge in materials science. As alloy compositions
increase in complexity, so too do the interatomic interactions, thermodynamic behavior, and
defect dynamics that govern macroscopic performance 119, Traditional alloy development,
based on empirical testing and thermodynamic approximations, is limited by both the high cost

(111121 Thus, the development

and high testing time associated with experimental trial-and-error
of computational modeling for atomic simulations has become a critical tool for understanding

and optimizing material behavior.

In multi-component systems such as CoNiRu alloys, predictive modeling is complicated
by several factors. First, the presence of three or more principal elements introduces a high
degree of chemical disorder, which affects atomic-scale interactions and renders the use of

simplistic pairwise potentials, the measure of interactions between two objects located in



Euclidean space, insufficient. Furthermore, these alloys may adopt multiple stable or metastable
phases—such as FCC and HCP—whose stability depends sensitively on temperature, local

chemical ordering, and composition '3 14151 A such, phase-specific properties such as lattice
parameters, elastic constants, and generalized stacking fault energies must be evaluated across a

range of structural configurations and thermodynamic conditions.

1.3 From Classical Potentials to Machine Learning Potentials

Historically, atomistic simulations have relied on classical interatomic potentials to model
the interactions between atoms in solid-state systems ['®/. These models, such as the Lennard-
Jones potential, Embedded Atom Method, and Modified Embedded Atom Method, are built upon
analytical functional forms with parameters fitted to experimental measurements or limited
quantum mechanical calculations. While effective for simple metallic systems and select alloy
compositions, classical potentials suffer from limited flexibility and accuracy when extended to

complex, chemically diverse systems [!”],

One critical limitation of classical potential lies in their inability to capture the many-
body nature of interatomic interactions with high fidelity. Their functional forms are often rigid,
and their transferability is constrained to the specific configurations or element combinations on
which they were parameterized. In the context of multi-component systems like CoNiRu, this
restricts their predictive power, especially when modeling off-equiatomic compositions, multiple

crystal structures, or temperature-dependent behavior.

Machine learning interatomic potential has emerged as a powerful alternative that
overcomes many of these limitations. Unlike classical models, MLIPs are trained directly on
data, such as validated DFT-calculated energies, forces, and stresses, using non-linear statistical
or neural network-based regression techniques ["*!"°]. This data-driven approach enables the
MLIP to implicitly capture complex bonding characteristics and subtle variations in atomic

environments that would otherwise be neglected or oversimplified in classical models.

1.4 Objective of the Study

The central objective of this study is to evaluate the effectiveness of a uMLIP in
predicting key structural and mechanical properties of CoNiRu-based alloys. Specifically, the

research investigates whether the uMLIP—trained on a diverse database of elemental and



compound systems—can serve as a computationally efficient and accurate alternative to DFT in
modeling chemically complex alloys. This objective is pursued through the application of
atomistic simulations using the LAMMPS software package, in which the uMLIP model is
implemented. A systematic series of simulations is conducted on the CoNiRu alloy system and
related compositions to quantify the uMLIP’s performance. The focus lies on calculating three
classes of material properties: lattice parameters, elastic constants, and GSFE. These properties
are essential for understanding atomic-scale behavior such as crystal stability, deformation

resistance, and dislocation motion.

To assess predictive reliability, uMLIP-derived results are benchmarked against published
and unpublished DFT data across multiple compositions, crystal structures, and temperature
conditions. The alloys considered include equiatomic CoNiRu in both FCC and HCP phases, as
well as non-equiatomic compositions (Co:Ni2Ru and CoNiRuz), and pure Ni. Simulations for
lattice parameter and elastic constant are performed at 0 K and 300 K to evaluate the model's
performance under static and thermally relaxed conditions. Through this investigation, the study
seeks to contribute to the broader effort of accelerating material discovery by validating machine
learning frameworks capable of delivering near-DFT accuracy at a fraction of the computational

cost.

Chapter 2: Modeling Approach

2.1: Atomic Simulation Techniques

Atomistic simulations have become essential tools in modern materials research, enabling
the prediction and analysis of physical properties at the scale of individual atoms. These methods
provide insight into material behavior by solving Newtonian or quantum-mechanical equations
of motion for large ensembles of atoms. Among the most widely used techniques are Molecular

Dynamics and Molecular Statics, each with distinct capabilities and applications.

2.1.1 Molecular Dynamics vs Molecular Statics

Molecular Dynamics (MD) simulates the physical motion of atoms over time by
numerically integrating Newton’s second law of motion [?!, Interatomic forces are calculated at
each time step using a selected potential energy model, allowing the system to evolve

dynamically [2°1. MD simulations are particularly useful for investigating time-dependent



phenomena such as thermal vibrations, phase transformations, defect migration, and dislocation
motion 2!, By incorporating thermostats and barostats, MD can simulate systems under various
temperature and pressure conditions, making it a powerful tool for studying finite-temperature
behavior 221, However, MD simulations are computationally expensive due to the need to resolve
atomic motions on the order of femtoseconds. Consequently, accessible simulation timescales are
typically limited to nanoseconds, which may not be sufficient to observe slow processes or large-

scale structural changes in complex alloys 1.

Molecular Statics (MS), in contrast, focuses on the equilibrium properties of a system by
minimizing its total potential energy 231, MS is well-suited for evaluating structural properties
such as lattice parameters, elastic constants, and generalized stacking fault energies under static
conditions (typically at 0 K) *%]. Because it avoids time integration, MS is generally more
computationally efficient than MD, enabling the use of larger atomic models and more complex

chemistries 23,

2.2 Density Functional Theory (DFT)

DFT is a first-principles quantum mechanical modeling method widely regarded as the
gold standard for atomistic property prediction 1%, Rather than solving the many-body
Schrodinger equation directly, DFT reformulates the problem in terms of the electron density as
the central variable, based on the foundational work by Hohenberg, Kohn, and Sham ?®! and is

generalized by the Kohn-Sham Equation [*");

2

h
(1) = |~ 5= V2 Ve (1) 4 V(1) + Ve () [ i)

Where 1; () is the Kohn-Sham orbitals (single-particle wavefunction), €; is the eigenvalue
(energy) of the i™ orbital, V,,.(r) is the external potential (e.g., from nuclei), Vy (r) is the Hartree

potential (classical electron-electron repulsion), Vi (r) is the exchange-correlation potential

. RZ o . o . .
(quantum corrections), and — 72 is the kinetic energy operator of a non-interacting electron.
2m



DFT allows for the calculation of total energy, atomic forces, stress tensors, and
electronic properties with high accuracy across a wide range of materials (28], In the context of
multi-component alloys, DFT enables detailed analysis of bonding behavior, charge distribution,

[29

and phase stability at the atomic scale °!. However, the method is computationally intensive,

especially as the system size increases !,

For systems containing more than a few hundred atoms, DFT becomes impractical due to
its unfavorable scaling with respect to atom count . This limitation restricts its application in
large-scale simulations, such as those required to evaluate temperature-dependent properties or
model realistic microstructures. Furthermore, the need to run multiple configurations (e.g., slip
systems for GSFE or supercells for elastic constant prediction) further compounds computational

demands.

Despite these constraints, DFT remains a critical reference method. In this study, it is
used to benchmark the accuracy of machine-learned potentials across key properties, including
lattice parameters, elastic constants, and generalized stacking fault energies for CoNiRu-based

alloys.

2.3 Interatomic Potential Models

Interatomic potentials define how atoms interact within a material by assigning energy to
different atomic configurations. The accuracy of any atomistic simulation hinges on the fidelity
of the chosen potential model !, Interatomic potentials offer computational efficiency but
limited accuracy, while modern techniques like DFT and MLIPs offer higher precision—at

[32

greater computational cost or complexity [*2. This section outlines the theoretical background for

both DFT and MLIPs, culminating in the uMLIP used in this study.

2.3.1 Traditional Interatomic Potentials

Traditional interatomic potential serves as the foundation of classical atomistic simulations
and has been extensively used to model a wide range of materials 3!, These models rely on
analytically derived mathematical expressions to approximate the total energy of a system based
on atomic positions. While their accuracy is limited compared to first-principles methods like
DFT, traditional potentials offer significant computational advantages, making them suitable for

large-scale simulations 4. Some of the most widely adopted traditional potentials include:



Lennard-Jones (LJ) Potential: The Lennard-Jones potential is one of the simplest and
most well-known models used to describe non-bonded interactions between atoms or

molecules. It is defined as a pairwise potential of the form [*I;

o=@~

where 7 is the distance between two atoms, € represents the depth of the potential well
(indicating interaction strength), and o is the finite distance at which the interparticle
potential is zero. The first term models short-range Pauli repulsion, while the second term
models long-range van der Waals attraction. Although originally developed to describe
noble gases like argon, the LJ potential is frequently used as a pedagogical model and for
studying fundamental physical phenomena such as phase transitions, diffusion, and defect
dynamics [*%). However, its simplicity also limits its realism: it cannot account for
directional bonding, charge transfer, or many-body effects, making it unsuitable for
metallic or covalently bonded materials P71,
Embedded Atom Method (EAM): EAM is one of the most widely used interatomic
potential models for simulating metallic systems. Originally developed by Daw and
Baskes, EAM incorporates the concept of embedding an atom into the electron density
field created by its neighbors 8], The total energy, E, of the system is expressed as:
1
E = Z Fi (p) + Ez i (1)
i %)
where F;(p;) is the embedding energy of atom i as a function of the local electron density
i, and ¢;; (ri j) represents the pairwise interaction between atoms i and j at a distance
7;;. In contrast to simple pair potentials, EAM captures the collective effects of
neighboring atoms, allowing for more accurate predictions of mechanical behavior,
defect formation energies, and cohesive properties in metallic alloys *°). EAM has been
successfully applied to a wide range of FCC and HCP metals and their binary or ternary
compounds . However, its applicability to complex multi-component systems is

contingent upon the availability of reliable cross-element parameterizations.



For the CoNiRu system, a parameter set that includes all relevant element pairs is
required to ensure thermodynamic and mechanical consistency across the alloy
configurations.
Modified Embedded Atom Method (MEAM): MEAM extends the original EAM
framework by incorporating angular-dependent interactions, thereby improving its
applicability to materials with non-close-packed structures or directional bonding !1.
MEAM retains the general structure of EAM but introduces an angular screening
function that accounts for the directional dependence of bonding, making it particularly
useful for modeling HCP phases, stacking faults, and anisotropic defect behavior 42,
The total energy in MEAM is similarly composed of embedding and pairwise interaction
terms but includes additional terms to capture angular dependence and second-nearest
neighbor effects. The total energy, E, of a system in MEAM is expressed as:
1
E = z F; (p) + 52 Sijbij (Rij)
i i#j
Where F;(p;) the embedding energy of atom i as a function of the local electron
density p,, ¢;; (Rl- j) is the pair potential between atoms i and j, S;; is the screening

functioning account for angular dependence and blocking by other atoms, and R;; is the

distance between atoms i and j. This expanded formalism enables MEAM to better
represent low-symmetry environments and directional bonding variations that are
prevalent in complex alloys and intermetallic structures [?!. Unlike EAM, MEAM uses a

modified electron density that includes angular contributions:
p=p" G

Where p-(o) is the spherically averaged electron density (similarly to p; in EAM) and

l

G (I}) is the angular correction function dependent on the angular contribution I} in

which:
)\ 2
' o (Pi
Pi



Where pi(k) is the higher-order angular partial electron density and t® is the adjustable
weighting parameters for each angular component. To model directional bonding,

MEAM includes the screening function:
Sij = Hsikj
k=i

Where S;; accounts for whether atom k screens the interaction between atoms i and j. If

another atom lies between i and j it can partially or fully screen the interaction. In the
context of the CoNiRu system, MEAM offers potential advantages over EAM in
accurately modeling the HCP phase and capturing the energetic landscape of stacking

441 However, the added complexity comes with increased

faults and slip planes
sensitivity to parameter quality and computational cost 4311441,

e Tersoff and Stillinger-Weber (SW) Potentials: These potentials include many-body and
angular terms and are commonly used for covalently bonded materials such as silicon and

carbon-based systems [4°146],

Although these models provide fast and relatively accurate simulations within their fitted
domains, they suffer from limited transferability 7). Parameters are typically tuned to
experimental or DFT data for specific materials, which constrains their ability to generalize to
different compositions, crystal structures, or thermodynamic conditions. Despite these
limitations, traditional potentials remain essential tools in multiscale modeling workflows. They
are often used for initial screening, microstructure evolution studies, or as a baseline for

evaluating more advanced models, such as MLIPs 48],

2.3.2 Machine Learning Interatomic Potentials (MLIPs)

MLIPs provide a powerful solution to the trade-off between accuracy and scalability.
These models are trained on large datasets—often composed of DFT-calculated energies, forces,
and stresses—using regression techniques such as Gaussian process regression, decision trees, or
neural networks !!. Once trained and validated, MLIPs can generalize to new atomic
configurations with high fidelity and execute simulations on length and time scales inaccessible

to DFT ],



(a) Machine Learning Interatomic Potential Model Training

Train a baseline of MLIPs on atomic Perform hyperparameter Ve”f‘f crloss—valldatlon and
. . —_— . . N S— compile into new method of
simulation datasets tuning via cross-validation L .
atomic simulation
S
(b) Generating Data with Machine Learning Potential Models
| Prepare simulation data
Calculate key mechanical Evaluate and troubleshoot results for analysis and
and structural parameters errors comparison
I
(c) Data Analysis
Compare new data with ‘_I Identify which properties are Detect trade-offs for data
dataset from baseline data _ most difficult to predict —, | collection between baseline
collection method accurately method and MLIP integrated
method

Figure 2: MLIP Training Flow Chart

Unlike traditional potentials, MLIPs do not rely on predefined analytical forms. Instead,
they learn complex relationships directly from quantum mechanical data, capturing subtle
features such as angular dependence, coordination variability, and charge transfer effects. This
flexibility allows MLIPs to adapt to a wider range of chemistries and structures, making them

particularly suitable for modeling multi-principal element alloys like CoNiRu 1.

In practice, the training process involves selecting a representative dataset, defining a
descriptor for atomic environments (e.g., symmetry functions or graph-based representations),
and optimizing the model to reproduce target quantities. The resulting MLIP can then be
integrated into atomistic simulation engines like LAMMPS for energy minimization, molecular

dynamics, or property evaluation.

2.3.3 Universal Machine Learning Interatomic Potentials (uMLIPs)

uMLIP extends the capabilities of conventional MLIPs by being trained on datasets that
span a broad range of elements, compositions, and structures °!). Unlike system-specific MLIPs,
which are tuned for one alloy or crystal type, uMLIPs trade some accuracy for greater generality
and transferability. This makes them highly attractive for applications in alloy discovery and

materials screening, where exhaustive retraining for each new system is impractical 12,

10



In this work, the uMLIP employed is based on the SevenNet framework— a scalable,
equivariant graph neural network trained on both published and unpublished DFT data for over
60 elements, including Co, Ni, Ru, and their binaries and ternaries 1>}, SevenNet is designed to
encode the physics of atomic interactions while preserving symmetries in the data, such as

translational and rotational invariance.

The uMLIP model was compiled for use with LAMMPS and evaluated for its ability to
reproduce three key atomistic properties—lattice constants, elastic constants, and GSFE
curves—across multiple CoNiRu compositions, structural phases (FCC and HCP), and
temperatures (0 K and 300 K). The reliability of this approach is determined by comparing
uMLIP-predicted results to available DFT data, thus assessing the model’s effectiveness in

simulating chemically complex systems with practical accuracy and efficiency.

2.3 Computational Framework and DFT Benchmarking

To evaluate the performance of the uMLIP, this study integrates advanced simulation
tools and standardized benchmarking practices. The simulation environment combines the
scalable uMLIP model, implemented via the SevenNet architecture, with the LAMMPS. This
section outlines the computational setup and the strategy for validating uMLIP predictions

against DFT data.

2.3.1 Simulation Environment: SevenNet and LAMMPS

The uMLIP used in this work is implemented through SevenNet, a scalable and
equivariant graph neural network-based interatomic potential framework. SevenNet is trained on
a diverse chemical space, encompassing over 60 elements and thousands of atomic
configurations >3l The training data include both published and unpublished DFT calculations,
specifically curated to capture a wide range of physical environments, bonding types, and crystal
structures. Co, Ni, Ru, and their binary and ternary combinations are explicitly represented in the

training dataset, enhancing the model's applicability to the CoNiRu alloy system.

SevenNet outputs were compiled into a model compatible with LAMMPS, an open-
source molecular simulation package maintained by Sandia National Laboratories. LAMMPS is
optimized for parallel computation and supports large-scale molecular statics and dynamics

simulations, making it suitable for evaluating systems consisting of tens of thousands of atoms
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(541 Simulations were executed on the OU Supercomputing Center for Education and Research
(OSCER), allowing efficient evaluation of multi-thousand-atom supercells under different

structural and thermal conditions. The integrated SevenNet-LAMMPS framework enables the
calculation of lattice parameters amd elastic constants at both 0 K and 300 K and GSFE at 0 K

for multiple CoNiRu-based systems.

2.3.2 Overview of DFT Data and Validation Strategy

To benchmark the performance of the uMLIP model, simulation results are compared to
reference data obtained from DFT calculations. The DFT dataset used for validation consists of
both peer-reviewed publications and unpublished results generated by collaborators for this

project. The benchmarking is conducted across the following categories:

o Lattice Parameters: DFT-derived equilibrium lattice constants for FCC and HCP
CoNiRu alloys, as well as for Co:Ni2Ru, CoNiRuz, and pure Ni.

o Elastic Constants: Stress-strain derived stiffness matrices from static DFT calculations.
In the case of hexagonal structures, effective elastic constants are computed and
converted from the [110] — [112] — [111] system to the standard [100] — [010] —

[001] orientation for direct comparison.

e GSFE Profiles: Generalized stacking fault energy curves are extracted by simulating
atomic displacements across common slip planes and directions. These DFT curves serve

as ground truth for evaluating uMLIP-predicted GSFE behavior.

Where available, experimental data from X-ray diffraction or mechanical testing are also used
as an additional reference—particularly for validating 300 K lattice parameters. The comparison
framework is structured to assess both absolute accuracy (e.g., % deviation from DFT values)
and predictive trends (e.g., structural or temperature-dependent behavior) to determine the

viability of uMLIP as a replacement or supplement to DFT in large-scale material simulations.
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Chapter 3: Alloy Systems and Simulation Set-Up

3.1 Materials and Compositions

This study focuses on the atomistic evaluation of a series of ternary and unitary metallic
systems composed of cobalt (Co), nickel (Ni), and ruthenium (Ru). These elements were selected
based on their combined known stability in high-performance alloy systems, particularly those
designed for elevated temperature applications in aerospace, nuclear, and structural environments
[17] The central objective is to investigate how different elemental ratios, crystal structures, and

temperatures affect the mechanical and defect-related properties of these systems.
The following compositions were selected for systematic simulation:

e CoNiRu — an equiatomic ternary alloy (1:1:1 ratio) representative of chemically balanced

solid solutions.

e Co:Ni:Ru — a Co- and Ni-rich variant (2:2:1 ratio), intended to explore excess transition

metal effects on structural stability and elasticity.

e CoNiRu: — a Ru-rich variant (1:1:2 ratio), providing insight into the influence of heavier

and more refractory elements.

e Pure Ni — a unitary system used as a baseline for comparison, due to its well-documented

properties and common usage in benchmark studies.

Each of these compositions are modeled in both FCC and HCP crystal structures. This dual-
phase evaluation enables a detailed understanding of phase-dependent behavior and allows for
the assessment of potential structural transitions or metastability under varying thermodynamic

conditions. Table 3.1 summarizes the elemental compositions and structural phases considered in

this study:
Table 1: Simulated Materials and Crystal Structures
Material Composition (%) Crystal Structure Notes
Co: 33.3, Ni: 33.3, Equi-atomic ternary
CoNiRu FCC, HCP
Ru: 33.3 system
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Co: 40.0, Ni: 40.0, Co- and Ni-rich

Co2NizRu FCC
Ru: 200 alloy
CoNiR Co: 25.0, Ni: 25.0, Rucrich all
oNiRu HCP u-rich allo
’ Ru: 50.0 ¢ Y
Benchmark/Control
Pure Ni Ni: 100.0 FCC
metal

In the CoNiRu alloy system, both FCC and HCP crystal structures can be stabilized
depending on the relative atomic ratios of Co, Ni, and Ru. This polymorphic behavior arises
from the competing structural tendencies of the constituent elements. Nickel (Ni) naturally
crystallizes in the FCC structure, while cobalt (Co) exhibits allotropic behavior, favoring HCP at
lower temperatures and FCC at elevated temperatures. Ruthenium (Ru), by contrast, strongly
favors the HCP structure due to its electronic configuration and bonding characteristics °°! °®!, In
equiatomic CoNiRu compositions, the FCC phase is typically stabilized due to the dominant
FCC-forming tendency of Ni and the elevated temperature behavior of Co, in conjunction with
the high configurational entropy of the ternary system. However, as the Ru content increases, the
structural preference shifts. As demonstrated in CoNiRuz, the higher atomic fraction of Ru
(approximately 66.7%) promotes stabilization of the HCP phase. This shift is attributed to both
the intrinsic HCP-stabilizing nature of Ru and the increased lattice distortion and elastic strain
energy incurred when attempting to accommodate the larger Ru atoms in an FCC lattice.
Furthermore, the anisotropic bonding behavior of Ru, along with its electronic band structure,
further favors the HCP phase, making it energetically more favorable than FCC in Ru-rich

compositions.

3.2 Crystal Structures and Temperatures Studied

The atomic-scale properties of metallic systems are highly sensitive to crystal structure and
temperature °7), In this study, each alloy composition is modeled in both FCC and HCP phases
where applicable, to capture the influence of lattice symmetry and atomic packing on mechanical

behavior.
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o FCC structures are prevalent in ductile metals such as Ni and Co at ambient temperatures,

and they typically exhibit high stacking fault energies and isotropic elastic behavior.

o HCP structures, while less symmetric, are characteristic of certain Co-rich and Ru-rich
phases. HCP metals often show directional dependence in mechanical properties and can

exhibit lower symmetry defect structures.

Both FCC and HCP structures were constructed using ideal lattice configurations and subjected

to full relaxation during simulation. Simulations were conducted at two distinct temperatures:

e 0K (absolute zero), representing ground-state configurations for direct comparison with

static DFT calculations.

e 300 K, representing ambient temperature and providing insight into finite-temperature

effects using molecular dynamics techniques.

This dual-phase, dual-temperature design enables comprehensive evaluation of temperature-
dependent behavior and structure-sensitive trends in lattice constants, elastic moduli, and fault

energetics.

Chapter 4: Property Calculation Methodology

4.1 Lattice Parameter Calculation

The lattice parameters of CoNiRu-based alloys were calculated using atomistic
simulations in LAMMPS with a uMLIP called SevenNet. At 0 K, the process began by selecting
a reasonable initial lattice parameter based on values reported in prior literature. Using this input,
crystal structures were constructed in both FCC and HCP configurations. The simulation box was
then filled with atoms arranged according to the trial lattice parameter. Energy minimization was
applied to relax the atoms to their lowest energy configuration. This process was repeated across
several slightly varied lattice constants. By comparing the total energies resulting from each
configuration, the lattice parameter corresponding to the lowest total energy was identified as the
equilibrium value at 0 K. This approach ensures the simulation captures the most energetically

favorable atomic arrangement without thermal interference [14I581591160],
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For lattice parameter calculations at 300 K, the relaxed 0 K structures were used as
starting points. These structures were then simulated under constant pressure and temperature
conditions. After reaching thermal equilibrium, the average lattice dimension was measured from
the simulation output. The extracted lattice parameters reflect thermal expansion effects and

allow comparison to experimental or DFT results conducted at ambient temperature.

4.2 Elastic Constant Calculation

Elastic constants were extracted from simulations by applying small deformations to
relaxed crystal structures and analyzing the resulting stress response. Elastic constants were
computed using a small-strain approach. Incremental strain tensors were applied to the relaxed
supercell, and the resulting stress tensors were calculated using the virial theorem. The elastic

stiffness tensor C;; was derived by fitting the linear stress-strain relationship:
o; = CU : Sj

Where o0; and ¢; represent stress and strain components, respectively. For cubic systems (FCC),
the independent elastic constants Cy; , C;, and C44 Were extracted. For hexagonal systems
(HCP), additional constants such as C;3, C33, and Cge were also evaluated. These constants serve
as critical indicators of stiffness, mechanical stability, and anisotropy. They also provide essential

validation targets in comparison with DFT benchmarks.

At 0 K, simulations were conducted on structures previously minimized to equilibrium
using the selected lattice parameter. Strains were applied to the simulation cell, and after each
deformation, the atomic system was relaxed through energy minimization 4581591601 Stregs
tensors were then computed for each strained configuration. These stress—strain data sets were
used to calculate the second-order elastic constants. In cases where the local crystal orientation
deviated from the standard cubic axis, results were converted from the [110] — [112] —

[111] coordinate system to the conventional [100] — [010] — [001] system for consistency.

The Elastic Constant (C14 C,, C44) data for all FCC system calculated is then converted into

Effective Elastic Constant (C;rl‘ C1Tz: ) via:
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This was done to better organize the elastic constant data and for ease of comparison with the

DFT elastic constant data.

To determine elastic constants at 300 K, the same methodology was applied, but instead
of zero-temperature relaxation, simulations were run dynamically at finite temperature using the
NVT ensemble [MIB8I591601 The structures were first equilibrated at 300 K, then strained
incrementally. Time-averaged stress values were computed for each strain state, enabling elastic
constants to be calculated under thermally active conditions. The 300 K calculations account for
atomic vibrations and thermal fluctuations and provide a more realistic assessment of mechanical

response at ambient temperature.

4.3 Generalized Stacking Fault Energy Calculation

The GSFE quantifies the energy landscape encountered by atomic planes as they shear
past one another, playing a central role in dislocation nucleation and motion. The GSFE surface
is particularly important in assessing slip behavior and partial dislocation formation in FCC and

HCP crystals.

To compute the GSFE, a crystallographic slip plane was selected, typically the [111]
plane for FCC structures and the [0001] plane for HCP structures. The simulation cell was
cleaved along this plane, and one half of the structure was rigidly displaced relative to the other
in incremental steps along the slip direction—this was done for a total of 10 planes per alloy.

After each displacement, atomic positions were relaxed perpendicular to the fault plane, while
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the in-plane displacement was constrained. The stacking fault energy y at each displacement u is

calculated as:

E(u) — E,

y(w) = y

where E (u) is the total energy of the sheared configuration, E is the energy of the relaxed
perfect crystal, and A is the area of the fault plane. The resulting GSFE curve provides

information on:
o Intrinsic stacking fault energy (ISF): local minima.
o Unstable stacking fault energy (USF): energy barriers to slip.
o Slip path periodicity: degree of lattice recovery after full dislocation movement.

These features are used directly in the assessment of local slip resistance and mechanical

anisotropy.

GSFE Curve of Ni at Slip Plane 5
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Figure 3: USF and ISF From GSFE Curve Example

GSFE curves were calculated at 0 K for FCC and HCP CoNiRu structures. The procedure

involved constructing a simulation cell containing a predefined slip plane relevant to each crystal
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structure H4158] The system was first relaxed using energy minimization to ensure stability. The
crystal was then divided along the slip plane, and the upper half was displaced incrementally
over the lower half along a specified crystallographic direction associated with slip. After each
displacement step, the system was re-minimized while keeping the top and bottom atomic layers
fixed to prevent rigid-body motion P?N6% The potential energy was recorded for each
displacement. This process was repeated until the full periodic slip distance was covered. The
GSFE curve was constructed by plotting the energy per unit area versus the applied
displacement. The unstable stacking fault energy y,s; and intrinsic stacking fault energy y;sf can
be determined from the GSFE curve by identifying the first local maximum and the following
local minimum, respectively, as demonstrated in Figure 3 . This curve characterizes the energy
barrier for dislocation motion across the slip plane [®!. The GSFE values obtained from the

uMLIP-based simulations were then compared to reference DFT values.

Chapter 5: Results & Analysis

5.1 Lattice Parameter Comparisons

This section presents the calculated lattice parameters for each alloy system evaluated
using the uMLIP model, compared directly against reference values obtained from DFT
calculations and experimental measurements where available. Simulations were performed using
molecular statics with large-scale atomic models at both 0 K and 300 K, across FCC and HCP
phases as applicable.

5.1.1 CoNiRu: uMLIP vs DFT

For the equiatomic CoNiRu alloy, the lattice parameters were calculated using both DFT
and uMLIP approaches in FCC and HCP phases at 0 K. The equilibrium lattice parameter of an
FCC CoNiRu six-atom structure was reported to be 3.61 A [©2],

Table 2: CoNiRu uMLIP Lattice Parameter Data

Material | Structure | Temp (K) | Lattice Parameter a (A) | Lattice Parameter ¢ (A) | ¢/a Ratio

CoNiRu | FCC 0 3.638 N/A N/A
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300 3.721 N/A N/A

0 2.570 4.168 1.622
CoNiRu | HCP

300 2.600 4.115 1.582

The uMLIP simulation for FCC CoNiRu at 0K was conducted using a 6,750-atom
simulation. The predicted lattice parameter from this simulation was found to be within +0.7% of
the corresponding DFT value, indicating strong agreement with first-principles results. In
contrast, the HCP CoNiRu system at 0K was modeled using a significantly larger 20,800-atom
supercell. However, due to the absence of a DFT benchmark for the HCP phase, only the uMLIP-
predicted lattice parameter is reported for this configuration. These results demonstrate that the
uMLIP model accurately reproduces the equilibrium lattice parameter for FCC CoNiRu at 0 K
within an acceptable margin of error. The near agreement validates the uMLIP’s capability to

capture volumetric behavior for this specific composition and structure.

5.1.2 Co:Ni:Ru: uMLIP vs. DFT/Experiment

Table 3:Co:Ni:Ru uMLIP Lattice Parameter Data

Material Structure Temp (K) Lattice Parameter a (A)
0K 3.663
Co2Niz2Ru FCC
300K 3.702

For the FCC Co:NizRu system, lattice parameters were evaluated at both 0 K and 300 K
to assess the accuracy and transferability of the uMLIP model. At 0 K, a DFT benchmark using a
120-atom configuration (unpublished) result of 3.58 A % served as the reference for validating
the uMLIP results. The uMLIP simulation, performed with a significantly larger 11,664-atom
supercell, produced a lattice parameter within +2.3% of the DFT value, indicating good
agreement. At 300 K, experimental data obtained via X-ray diffraction reported a lattice
parameter of 3.59 A 193], The uMLIP simulation at this temperature, also conducted with the same
11,664-atom supercell, predicted a lattice parameter within £3.0% of the experimental

measurement. These results affirm the robustness of the uMLIP model in capturing lattice
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behavior across temperatures and demonstrate its applicability to non-equiatomic Co-Ni-Ru

compositions.

5.1.3 CoNiRuz: uMLIP Only

Table 4: CoNiRu: uMLIP Lattice Parameter Data

Material [Structure [Temp (K) [Lattice Parameter a (A) [Lattice Parameter ¢ (A) |c/a Ratio

CoNiRu. [HCP

0K 2.608 4.226 1.62

300K 2.616 4.241 1.621

The CoNiRu2 HCP system was simulated at both 0 K and 300 K using 20,800-atom
supercells to evaluate its structural behavior. Due to the lack of available DFT data for this
composition and phase, the results from the uMLIP simulations are reported as standalone
predictions. While no direct benchmarking is possible, these simulations provide useful insight

into the structural characteristics of CoNiRu: in the HCP phase across different temperatures.

5.1.4 Pure Ni
Table 5: Pure Ni uMLIP Lattice Parameter Data
Material Structure Temp (K) Lattice Parameter a (A)
0K 3.503
Pure Ni FCC
300K 3.516

For pure Ni in the FCC structure at 0 K, the DFT reference value is 3.519 A 641, The
uMLIP simulation, conducted using a 6,750-atom supercell, predicted a lattice parameter within
+0.5% of the DFT result. This high level of agreement confirms the strong accuracy of the
uMLIP model in single-element systems and establishes it as a reliable baseline for comparative

analysis across more complex alloy systems.

5.2 Elastic Constant Comparisons

Elastic constants are essential for understanding mechanical stability, stiffness, and
anisotropy in crystalline solids. This section compares the elastic constant predictions from the

uMLIP model to available DFT results. The evaluation includes multiple compositions and
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structural phases across 0 K and 300 K, providing insight into the model’s transferability and

accuracy under varying atomic environments.

5.2.1 CoNiRu: uMLIP vs. DFT

Table 6: FCC CoNiRu DFT Elastic Constant Data (@ 0K

DFT FCC CoNiRu @ 0K

Effective Elastic Average Values
Constants (GPa)
(o 404.43
c, 165.85
12 :
c, 147.03
44 :

The DFT reference data from another FCC CoNiRu structure, based on 120-atom cells,

involved averaging elastic constants over 13 distinct configurations [®],

Table 7: FCC CoNiRu uMLIP Elastic Constant Data (@ 0K

uMLIP FCC CoNiRu @ 0K
Effective Elastic Average Values
Constants (GPa)
C,h 190.5
C,, 248.23
c, 79.77
44 .
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For FCC CoNiRu at 0 K, simulated with a 6,750-atom supercell, the uMLIP predictions
deviated significantly from known DFT values. No consistent pattern of overestimation or
underestimation was observed across elastic constants Cii, Ciz, or Cas, highlighting limitations in

the force-field training, particularly regarding mechanical properties in complex ternary systems.

[ 256.81 202.89 203.16 0.22 0.11 0.01
202.89 256.56 202.79 —-0.34 0.11 -=0.11
203.16 202.79 257.76 0.02 0.45 -0.08
C=| 0.22 -0.34 0.02 83.13 0.13 0.07 |[GPa]
0.11 0.11 0.45 0.13 83.35 —-0.07
0.01 -0.11 —0.08 0.07 -0.07 83.16

Figure 4: FCC CoNiRu uMLIP Elastic Constant Data @ 300K
[ 170.55 263.70 50.23 102.17 —83.74 —23.39 ]
263.70 554.86 438.89 66.44 —45.78 —27.05
50.23 438.89 532.70 —58.99 —9.65 —68.71
C=| 102.17 66.44 —58.99 97.11 —12.18 80.77 |[GPa]
—83.74 —45.78 —-9.65 —12.18 73.78 —65.62
—-23.39 —27.05 —68.71 80.77 —65.62 46.09

Figure 5: HCP CoNiRu uMLIP Elastic Constant Data (@ 0K
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276.05 194.30 163.31 0.28 -0.54 0.70
194.30 274.22 162.22 0.22 0.53 -0.28
163.31 162.22 344.42 0.16 0.06 1.02
C=| 028 0.22 0.16 57.51 —-0.08 —0.61 |[GPa]
—-0.54 0.53 0.06 -0.08 57.62 —0.06
0.70 -0.28 1.02 -0.61 —0.06 41.22

Figure 6: HCP CoNiRu uMLIP Elastic Constant Data @, 300K

Elastic constant data were collected for several CoNiRu configurations using the uMLIP
model; however, DFT reference values were either unavailable or insufficient for direct
benchmarking. Figures 4, 5, and 6 present raw elastic constant data simulated using uMLIP for
FCC CoNiRu at 300 K and HCP CoNiRu at both 0 K and 300 K—all simulated using 11664
atoms. These elastic constant results were not further converted into effective elastic constants
due to the lack of available DFT benchmark data. As a result, they are included for completeness

but should be considered exploratory and used only for internal comparisons or future validation.

5.2.2 Co:Ni:Ru: uMLIP vs. DFT

Table 8: FCC CoxNi:Ru DFT Elastic Constant Data (@, 0K

DFT FCC Co:Ni2Ru @ 0K
Effective Elastic Average Values
Constants (GPa)
C.h 401.078
C,, 168.944
.y 148.554
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An unpublished DFT reference for the FCC structure using 120-atom cells serves as the

[58

benchmark for evaluating simulation results at 0 K [*81, This data table provides a critical point of

comparison for assessing the accuracy of uMLIP predictions underground-state conditions.

Table 9: FCC Co:Ni2Ru uMLIP Elastic Constant Data (@ 0K

uMLIP FCC Co:Ni2Ru @ 0K

Effective Elastic Constants |Average Values (GPa)

C.h 228.307
C,, 114.800
cly 108.510

For FCC Co:NizRu at 0 K, the uMLIP simulation using an 11,664-atom supercell exhibited
large deviations from the DFT benchmark. Similar to the behavior observed in CoNiRu, the
uMLIP model did not display a consistent trend of over- or underestimation across elastic
constants. This lack of systematic bias suggests poor reproducibility of stiffness trends,
indicating limitations in the model’s ability to accurately capture mechanical properties in

complex alloy systems.

[ 260.35 195.26 194.99 0.16 0.10 0.07
195.26 260.67 195.21 —-0.21 0.00 0.65
194.99 195.21 260.82 —0.05 —0.17 0.33
C=| 0.16 —-0.21 —0.05 92.97 —0.04 —0.02 |[GPa]
0.10 0.00 -0.17 =0.04 92.87 0.15
0.07 0.65 0.33 -0.02 0.15 92.66

Figure 7: FCC CoxNi2Ru uMLIP Elastic Constant Data @ 300K
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Elastic constant data were also collected for FCC Co2NizRu at 300 K using the uMLIP
model, as shown in Figure 7. The simulation was performed using an 11,664-atom supercell.
However, due to the absence of corresponding DFT benchmark data for this composition and
temperature, the raw elastic constant results were not further converted into effective elastic
constants. While the results exhibit internal consistency within the model, they must be

interpreted with caution due to the lack of external validation.

5.2.3 CoNiRuz: uMLIP Only
Table 10: HCP CoNiRu. uMLIP Elastic Constant Data @ 0K

DFT CoNiRu: @ 0K

Effective Elastic Constants | Average Values (GPa)

(o 279.280
C,, 123.837
C, 46.293

Table 11: HCP CoNiRu: uMLIP Elastic Constant Data @300K

MLIP CoNiRu: @ 300K

Effective Elastic Constants| Average Values (GPa)

C,h 301.110
C,, 189.107
C 39.74
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For HCP CoNiRus: at both 0 K and 300 K, uMLIP simulations were conducted using
20,800-atom supercells. In the absence of published DFT or experimental elastic constant data
for this composition, the calculated values are presented as preliminary predictions. Without
external validation, these results cannot be quantitatively benchmarked and should be considered

exploratory in nature.

5.2.4 Pure Ni: uMLIP vs. DFT

Table 12: Pure Ni DFT Elastic Constant Data @ 0K

DFT Ni @ 0K
Average Values
Elastic Constants
(GPa)
Ci1 401.078
Ciz2 168.944
Cys 148.554

The DFT reference %4, based on a 4-atom FCC Ni cell at 0 K, provides well-established
elastic constants that serve as a reliable benchmark. These values are used to validate the

accuracy of uMLIP predictions for pure Ni.

Table 13: Pure Ni uMLIP Elastic Constant Data @ 0K

uMLIP Ni @ 0K
Effective Elastic | Average Values | % Error from
Constants (GPa) DFT
C,h 291.293 +27.3%
C,, 185.393 +9.7%
C, 116.087 +21.8%
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These results demonstrate a key trend: while uMLIP accurately reproduces equilibrium
lattice geometry for pure Ni, it significantly underestimates stiffness components such as Ci: and
Caa. The relatively small error in Ci2 suggests partial reliability, but the broader discrepancies
reinforce that uMLIP captures structural features more reliably than mechanical response—even
in simple, single-element systems. This observation is consistent with deviations seen in multi-
component alloys and highlights the need for improved force-field training with targeted

emphasis on mechanical property fidelity.

Table 14: Pure Ni uMLIP Elastic Constant Data (@ 300K

uMLIP Ni @ 300K
Effective Elastic | Average Values
Constants (GPa)
C 270.700
Cy, 181.733
cly 105.940

Elastic constant data for pure FCC Ni at 300 K were generated using the uMLIP model
and are summarized in Table 14. Simulations were conducted using an 6,750-atom supercell.
While DFT benchmark data exist for FCC Ni at 0 K, no equivalent reference values are currently
available at 300 K. These results are included for completeness and trend observation but should
be treated as exploratory until validated against finite-temperature DFT data or experimental

measurements.

5.3 GSFE Comparison

This section evaluates the GSFE profiles predicted by the uMLIP model in comparison
with DFT results, where available. The GSFE metric is critical for assessing dislocation mobility
and intrinsic slip behavior in crystalline metals and alloys. Simulations were performed on key
slip planes for each structure and composition at 0 K. DFT data were sourced from published

literature and internal repositories for benchmarking purposes. Systems without DFT or
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experimental GSFE data are discussed as exploratory predictions for future quantum-level

validation.

5.3.1 CoNiRu: uMLIP vs DFT

To evaluate the accuracy of the uMLIP, results were compared against DFT data (%],

which modeled dislocation core structures in equimolar CoNiRu multi-principal element alloys
using ab initio-informed phase-field modeling. The DFT dataset included GSFE calculations
across 90 distinct slip planes at 0 K. From this, the average GSFE for FCC CoNiRu was

determined to be y;sr = -44.56 Z—i and yysr = 376.41 Z—i, with values ranging from -300 <y;sf <

mj
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Figure 8: Distribution of yisy and Yysf for FCC CoNiRu at 0 K

In comparison, uMLIP-based simulations were performed on 10 representative FCC slip
planes at 0 K. The resulting GSFE curves displayed qualitative agreement with the DFT

reference, exhibiting similar curve shapes and characteristic peak locations. The average stacking

fault energies calculated using uMLIP were y;sr = 5.92 :—g and an average unstable stacking

fault energy of y,,f = 200.35 Z—i, with ranges spanning -2 <y;sr < 14 :—g and 192 <y,r <208

%. Although the uMLIP predictions are narrower in spread compared to the DFT dataset, it can
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be observed that the average uMLIP GSFE calculations of 10 slip planes falls within the range of
offered by the DFT calculations of 90 slip planes of FCC CoNiRu at 0K.
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Figure 9: Distribution of yisy and yys5 for HCP CoNiRu at 0 K

In addition to the FCC phase, GSFE calculations were also carried out using uMLIP for
the HCP phase of CoNiRu at 0 K. Although no DFT reference currently exists for HCP CoNiRu,

the computed values— y;sr = 15.07 Z—i and yysf =207.502—£ —exhibit trends consistent with
typical HCP stacking fault behavior. These findings remain unvalidated and will require further
benchmarking through DFT studies.
5.3.2 Co:Ni:Ru: uMLIP vs. DFT

For FCC Co:Niz2Ru at 0 K, unpublished DFT data reporting an average stacking fault
energy of y;p =-43.11 % was used as a benchmark to evaluate the performance of the uMLIP

[58] 'While the DFT values were not available across a wide range of slip systems, they served as
a useful point of comparison. The uMLIP model was applied to 10 representative FCC slip

planes at 0 K.
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Figure 10: Histogram of FCC Co:Ni:Ru GSFE Values from uMLIP

From Figure 6, the GSFE curves produced by the model captured the correct order of

magnitude for both intrinsic and unstable stacking fault energies, with average values of y;s; =
3.23 Z—i and yy5r = 174.17 rmn—g The predicted energy ranges spanned from y;sf = -4<x <12 Tmn—g
and yy5r = 168 <x < 184 % These profiles exhibited similar curve shapes to those expected

from DFT, indicating that uMLIP effectively approximates the local energy gradients relevant to

dislocation slip in FCC Co:Ni2Ru. However, it is noted that the DFT average y;ss falls outside

the range predicted by uMLIP, suggesting that while uMLIP captures qualitative trends, further

tuning or training data may be needed for quantitative agreement in this specific composition.

5.3.3 CoNiRuz: uMLIP Only
The average stacking fault energies predicted by uMLIP were y;5r = 28.90 Z—i and yyr =

190.97 %, with respective ranges of 24 <y;r <40 Z—i and 188 <yy,r <200 Z—i
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Figure 11: Histogram of HCP CoNiRu: GSFE Values from uMLIP at 0K

These values suggest a moderate intrinsic fault energy and a relatively low unstable stacking

fault barrier, both of which fall within expected ranges for HCP alloy behavior.

As of May 2025, no DFT or experimental GSFE data has been published for CoNiRus,
making direct benchmarking currently impossible. Despite this limitation, uMLIP simulations
were performed on 10 representative slip planes in the HCP phase at 0 K to explore the alloy’s
stacking fault characteristics. The generated GSFE profiles exhibit features typical of HCP
materials, including multiple local minima that are indicative of complex slip behavior in
hexagonal systems. Although the results align qualitatively with known trends in hexagonal
systems, their accuracy cannot yet be confirmed. Future quantum-level studies, such as DFT

benchmarking, will be essential to validate the reliability of the uMLIP model for CoNiRu..

5.3.4 Pure Ni: uMLIP vs. DFT

Pure FCC Ni serves as a reliable reference system for GSFE benchmarking due to its
well-defined slip planes and extensive quantum-mechanical data. According to published DFT
findings for Pure Ni at OK, the intrinsic stacking fault energy is y;5r = 152.13 :—i and the unstable

mJ [64]
m2 )

stacking fault energy is yy,5 = 300.89

For Pure Ni, uMLIP simulations were performed on slip plane 5 at 0 K. The resulting

GSFE curve retained the expected shape and energy barrier profile. The computed values were
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Yisf = 18.20 Z—i and yy5f = 253.49 :—i, corresponding to percent errors of £88.0% and +15.8% or

the intrinsic and unstable stacking fault energies, respectively. While the ISF energy was
significantly underestimated, the USF value remained within a reasonable margin of error. These
results demonstrate that uMLIP is capable of reproducing the qualitative GSFE landscape of pure

FCC Ni. Despite some deviation in absolute values, particularly for y;sf, the model shows

reliable predictive behavior for single-element systems with clearly defined stacking sequences.

Chapter 6: Conclusions

6.1 Summary of Major Findings

This study conducted a comprehensive evaluation of the uMLIP using atomistic
simulations of CoNiRu-based alloys across a range of compositions, crystal structures, and
temperatures. The uMLIP model, implemented via the SevenNet neural network architecture and
executed in LAMMPS, was assessed for its ability to predict key structural and mechanical

properties—specifically lattice parameters, elastic constants, and GSFE.
The main findings are summarized as follows:

o Lattice Parameter Predictions:
The uMLIP model demonstrated high accuracy in reproducing lattice parameters across
all systems studied. For equiatomic CoNiRu (FCC), the predicted lattice parameter at 0 K
was within £0.7% of the DFT reference. For Co2NizRu, the uMLIP results at 0 K and 300
K were within £2.3% and £3.0% of the DFT and experimental values, respectively. Pure
Ni also showed strong agreement within £0.5%, confirming the model’s reliability in

capturing volumetric properties.

Notably, the lattice parameters were consistently larger at 300 K than at 0 K across all
systems where both temperatures were evaluated. This outcome aligns with physical
expectations due to thermal expansion: as temperature increases, atoms vibrate with
greater amplitude and require more space, leading to an increase in average interatomic
distances. This temperature-induced expansion is a well-documented behavior in
crystalline solids and serves as an additional validation point for the thermodynamic

realism of the uMLIP model.
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o Elastic Constant Predictions:
Elastic constants predicted by uMLIP showed significant deviations from DFT values
across nearly all systems. For CoNiRu and Co:Ni2Ru (FCC, 0 K), uMLIP failed to
consistently reproduce stiffness trends, and no significant improvement was observed at
300 K. Even for pure Ni, the uMLIP showed notable error compared to established DFT
values. These results suggest that while the model captures geometric equilibrium well, it

struggles to resolve force-based second-order properties.

When comparing elastic constants between 0 K and 300 K, the predicted stiftness values
from uMLIP were generally lower at 300 K, which is also physically consistent. As
temperature increases, atomic vibrations increase, reducing resistance to deformation and
softening the material. This thermal softening effect is expected in most metallic systems
and reinforces that, while uMLIP may lack quantitative precision, it qualitatively captures

correct thermomechanical trends.

e GSFE Profiles:
The uMLIP model produced GSFE curves for FCC CoNiRu that fell within the range of
DFT-calculated profiles across multiple slip systems. Although uMLIP used only 10 slip
planes compared to 90 in the DFT reference, it successfully replicated the qualitative
features of the energy-displacement curve. For Co2Ni-Ru and pure Ni, GSFE predictions
were also reasonable, supporting the model’s effectiveness in approximating deformation
behavior. GSFE results for CoNiRuz (HCP) and other unbenchmarked systems remain
exploratory.

o General Assessment of uMLIP:
The uMLIP (SevenNet + LAMMPS) framework is a promising tool for large-scale
simulations of complex alloy systems, capable of delivering accurate lattice predictions at
significantly reduced computational cost compared to DFT. However, its current
formulation lacks the precision needed for elastic property prediction, especially in multi-

principal element alloys with chemical disorder.

These findings reinforce the potential of universal MLIPs as efficient approximators for
structural properties but highlight the need for further development and validation—particularly

in the context of mechanical property prediction. The model’s ability to reproduce physically
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expected trends in thermal expansion and elastic softening is encouraging, but quantitative

consistency remains a key challenge.

6.2 Accuracy and Limitations of uMLIP

The uMLIP used in this study, based on the SevenNet architecture, displayed varying levels of
accuracy depending on the class of material properties evaluated. While it proved effective in
predicting equilibrium lattice parameters across diverse CoNiRu alloy compositions and
structures, it exhibited notable shortcomings when tasked with replicating mechanical stiffness

and deformation behavior.
Strengths of uMLIP:

o Demonstrated high fidelity in predicting lattice parameters for all tested systems, with

deviations typically under £3% when compared to DFT or experimental references.

e Successfully approximated GSFE trends in FCC CoNiRu and Co:NizRu systems,

producing energy curves with comparable features to DFT.

o Enabled simulation of large atomic systems (>20,000 atoms), offering scalability

unattainable by DFT.
Limitations of uMLIP:

» Failed to consistently predict elastic constants, with high and erratic error margins across

Ci1, Ciz2, and Cas components.

o Elastic constant deviations were evident not only in chemically complex systems (e.g.,

CoNiRu, Co:Ni2Ru) but also in simpler systems like pure Ni.

o Temperature effects on elasticity were poorly captured, indicating a limited sensitivity

to thermodynamic variations.

o GSFE agreement, while qualitatively reasonable, was only benchmarked at 0 K; thermal

effects on dislocation behavior remain unverified.

In summary, the uMLIP is a strong candidate for approximating structural equilibrium states in

multi-component alloys but lacks the precision required for high-confidence mechanical property
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predictions. These findings suggest that further training or model refinement may be necessary

for force-sensitive applications such as elasticity and phonon modeling.

6.3 Future Work and Recommendations

While these benchmarks provides a foundational assessment of the uMLIP for CoNiRu-
based alloys, several opportunities for future work remain—particularly in addressing the
limitations observed in property prediction and benchmarking accuracy. The next steps should
focus on both improving the quality and breadth of reference data, and strategically probing

areas where uMLIP performance can be better validated or extended.

The most immediate need is for additional DFT calculations to benchmark the uMLIP
across a wider set of structural and mechanical properties. While DFT comparisons were
possible for lattice parameters in most systems, elastic constants and GSFE data were limited or
unavailable for several key compositions, particularly at elevated temperatures and in HCP

phases. Targets for DFT benchmarking missing from this study include:

e Elastic constants for CoNiRu. (HCP) and Co:Ni:Ru (FCC) at 300 K
e GSFE curves in HCP CoNiRu and CoNiRu:
e Temperature-dependent DFT simulations to compare with uMLIP-predicted thermal

trends

By having accurate data for these benchmarking sets, the limitations of the current uMLIP model

can more confidently be assessed and improve reliability of model-driven alloy design.

Complex alloys also exhibit local phenomena such as chemical short-range ordering
(CSRO) and local slip resistance (LSR), both of which can strongly influence mechanical
behavior at the atomic scale. These effects introduce anisotropies and local environment
dependencies that are often lost in randomly initialized atomistic models. At present, the uMLIP
framework does not explicitly account for CSRO or LSR, which may contribute to its limited
accuracy in elastic constant predictions. Future studies should explore the role of local ordering
by simulating both ordered and disordered configurations of the same composition, comparing
their predicted mechanical properties, and identifying whether the model is sensitive to such

variations. Data augmentation strategies, including representative CSRO structures or LSR-

36



relevant configurations in the training or validation sets, may improve the model’s ability to

capture atomic-level mechanical phenomena.

Similarly, while this study utilized 10 representative slip planes for each GSFE
calculation, reference DFT datasets often include 60—90 slip systems to fully characterize the
anisotropic deformation behavior of complex alloys. An important next step is to expand the
number of slip planes evaluated using uMLIP—particularly in FCC and HCP systems, where
direction-dependent GSFE behavior plays a critical role in dislocation motion and deformation
mechanics. Future work should simulate full GSFE surfaces with denser slip sampling in all
major crystallographic directions. This would allow a more thorough evaluation of how well
uMLIP captures fault energy variation across complex slip paths. Additionally, retraining or fine-
tuning the model using DFT-calculated GSFE datasets may improve its performance in
deformation-related predictions and strengthen its integration with dislocation or crystal

plasticity models.

Finally, to build greater confidence in the predictive utility of MLIPs, future simulations
should be designed to align with experimental observations or to support multi-scale modeling
workflows. For instance, lattice parameter predictions at 300 K could be directly compared to
available X-ray diffraction measurements. uMLIP-derived elastic constants and GSFE values
could also be incorporated into phase-field models or finite element simulations to study
macroscopic properties such as creep, fatigue resistance, or high-temperature deformation. These
comparative approaches would not only validate the atomistic predictions but also demonstrate

the broader utility of uMLIP in practical alloy design and performance modeling.
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