
Application of machine learning approach in
solving materials science problems

Thesis submitted for the degree of

Doctor of Philosophy (Science)
in

Physics (Theoretical)

by

Aishwaryo Ghosh

Department of Physics

University of Calcutta

2025



Contents

Dedication vii

Acknowledgments viii

Abstract x

List of Publications xii

List of Figures xiii

List of Tables xxiii

1 Introduction 1
1.1 Material Background and Phenomena . . . . . . . . . . . . . . . . . . . . 8

1.1.1 Semiconductor heterostructures . . . . . . . . . . . . . . . . . . . 8

1.1.1.1 Classification and designing of heterostructures . . . . . . 9

1.1.1.2 Applications . . . . . . . . . . . . . . . . . . . . . . . . 13

1.1.2 Bimetallic nanoalloys . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.1.2.1 Crystalline structures . . . . . . . . . . . . . . . . . . . . 14

1.1.2.2 Non-crystalline structures . . . . . . . . . . . . . . . . . 15

1.1.2.3 Chemical ordering . . . . . . . . . . . . . . . . . . . . . 15

1.1.2.3.1 Mixing patterns . . . . . . . . . . . . . . . . . 15

1.1.2.3.2 Non-mixing patterns . . . . . . . . . . . . . . . 16

1.1.2.4 Applications . . . . . . . . . . . . . . . . . . . . . . . . 18

1.1.3 Atomic gold 1D chain . . . . . . . . . . . . . . . . . . . . . . . . 19

1.1.3.1 Gold contacts and morphologies . . . . . . . . . . . . . . 21

1.1.3.2 Effect of bias voltage and stretching rate . . . . . . . . . 23

1.1.3.3 Way forward from atomic chains . . . . . . . . . . . . . 25

1.1.4 MAX compounds . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

1.1.4.1 Crystal structure, atomic bonding and defects . . . . . . . 25

1.1.4.2 Properties . . . . . . . . . . . . . . . . . . . . . . . . . . 27

1.1.4.3 Potential applications . . . . . . . . . . . . . . . . . . . 29

1.2 Overview of present thesis . . . . . . . . . . . . . . . . . . . . . . . . . . 30

ii



Contents

2 Methodology 46
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

2.2 Machine learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

2.2.1 Supervised Learning . . . . . . . . . . . . . . . . . . . . . . . . . 51

2.2.1.1 Decision tree and Random Forest . . . . . . . . . . . . . 52

2.2.1.2 Least Absolute Shrinkage and Selection Operator (LASSO) 58

2.2.1.3 Class-imbalanced learning . . . . . . . . . . . . . . . . . 58

2.2.2 Unsupervised Learning . . . . . . . . . . . . . . . . . . . . . . . . 59

2.2.2.1 Principle Component Analysis(PCA) . . . . . . . . . . . 62

2.2.2.2 Artificial Neural Network . . . . . . . . . . . . . . . . . 63

2.2.2.2.1 Autoencoder . . . . . . . . . . . . . . . . . . . 73

2.2.2.3 K-means clustering . . . . . . . . . . . . . . . . . . . . . 75

2.3 Ab-initio calculations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

2.3.1 Density Functional Theory . . . . . . . . . . . . . . . . . . . . . . 77

2.3.2 Reduced Density Matrices . . . . . . . . . . . . . . . . . . . . . . 78

2.3.3 The Hohenberg-Kohn (HK) Theorems . . . . . . . . . . . . . . . . 79

2.3.4 Kohn-Sham Formulation . . . . . . . . . . . . . . . . . . . . . . . 81

2.3.4.1 Extension to Spin-Polarized Systems . . . . . . . . . . . 83

2.3.5 Exchange-Correlation Functional . . . . . . . . . . . . . . . . . . . 85

2.3.5.1 Local Density Approximation (LDA) . . . . . . . . . . . 85

2.3.5.2 Generalized Gradient Approximation (GGA) . . . . . . . 87

2.3.6 Basis Sets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

2.3.6.1 Plane Wave Basis Method: . . . . . . . . . . . . . . . . . 88

2.3.6.1.1 The Projector Augmented Wave (PAW) Method 90

2.3.7 Ab-initio molecular dynamics . . . . . . . . . . . . . . . . . . . . 90

2.4 Force field and classical molecular dynamics . . . . . . . . . . . . . . . . . 92

2.4.1 Moment Tensor Potential . . . . . . . . . . . . . . . . . . . . . . . 93

3 Machine learning classification of binary semiconductor heterostructures 103
3.1 Introduction and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . 103

3.2 Heterostructure type prediction using constituent band structures . . . . . . 105

3.3 Machine Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

3.3.1 Experimental literature on elemental and binary semiconductor het-

erostructure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

3.3.2 Synthetic data generation . . . . . . . . . . . . . . . . . . . . . . . 109

3.3.3 Feature Space . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

3.3.4 Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

iii



Contents

3.3.5 Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

3.4 Dependence of heterostructure type on crystal symmetry . . . . . . . . . . 113

3.5 Application to nanoscale . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

3.6 Summary and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

4 Understanding the Trend in Core-Shell Preferences for Bimetallic Nanoclus-
ters: A Machine Learning Approach 126
4.1 Introduction and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . 126

4.2 Computational Methodology . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

4.3.1 DFT segregation energy . . . . . . . . . . . . . . . . . . . . . . . 129

4.3.2 Machine Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

4.3.2.1 Creation of Synthetic Data . . . . . . . . . . . . . . . . . 131

4.3.2.2 Feature Space . . . . . . . . . . . . . . . . . . . . . . . 131

4.3.2.3 ML Model Performance . . . . . . . . . . . . . . . . . . 131

4.3.2.4 Key Attributes . . . . . . . . . . . . . . . . . . . . . . . 133

4.3.3 Undecided Cases: Janus versus Mixed Structures . . . . . . . . . . 135

4.4 Summary and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

5 First principles insights into the relative stability, electronic and catalytic
properties of core-shell, Janus and mixed structural patterns for bimetallic
Pd-X nanoalloys (X = Co, Ni, Cu, Rh, Ag, Ir, Pt, Au) 141
5.1 Introduction and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . 141

5.2 Computational Methodology . . . . . . . . . . . . . . . . . . . . . . . . . 143

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

5.3.1 Optimized Structures . . . . . . . . . . . . . . . . . . . . . . . . . 145

5.3.2 Relative stability trend . . . . . . . . . . . . . . . . . . . . . . . . 148

5.3.2.1 Understanding from atomic and elemental properties . . . 152

5.3.2.1.1 In terms of surface energy . . . . . . . . . . . . 152

5.3.2.1.2 In terms of the key elemental features . . . . . . 152

5.3.2.2 Understanding from electronic properties . . . . . . . . . 155

5.3.3 Microscopic characterization of the three morphologies . . . . . . . 157

5.3.4 Catalytic properties . . . . . . . . . . . . . . . . . . . . . . . . . . 159

5.3.4.1 Trend from d-band model . . . . . . . . . . . . . . . . . 159

5.3.4.2 Catalytic activity in CO molecule adsorption . . . . . . . 162

5.3.5 Size effects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

5.4 Summary and Discussions . . . . . . . . . . . . . . . . . . . . . . . . . . 165

iv



Contents

6 Machine-learning prediction of the formation of atomic gold wires by me-
chanically controlled break junctions 171
6.1 Introduction and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . 171

6.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172

6.3 Results and Discussions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173

6.3.1 Description of dataset . . . . . . . . . . . . . . . . . . . . . . . . . 173

6.3.2 Optimal conditions for long chain formation . . . . . . . . . . . . . 173

6.3.3 Trace features . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

6.4 Molecular understanding: ab initio MD simulations . . . . . . . . . . . . . 180

6.5 Summary and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . 182

7 Ab-initio trained machine learning potential for MAX compound Ti2AlC:
construction, validation, and study of non linear elasticity 190
7.1 Introduction and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . 190

7.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 193

7.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 195

7.3.1 Performance of the MLIP . . . . . . . . . . . . . . . . . . . . . . . 195

7.3.2 Stress–strain behavior: nonlinear elasticity . . . . . . . . . . . . . . 199

7.3.3 Effect of defects . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201

7.4 Summary and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 203

8 Summary and Outlook 214
8.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 214

8.1.1 Chapter 3: Machine learning classification of binary semiconductor

heterostructures . . . . . . . . . . . . . . . . . . . . . . . . . . . . 215

8.1.2 Chapter 4: Understanding the Trend in Core-Shell Preferences for

Bimetallic Nanoclusters: A Machine Learning Approach . . . . . . 216

8.1.3 Chapter 5: First principles insights into the relative stability, elec-

tronic and catalytic properties of core-shell, Janus and mixed struc-

tural patterns for bimetallic Pd-X nanoalloys (X = Co, Ni, Cu, Rh,

Ag, Ir, Pt, Au) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 217

8.1.4 Chapter 6: Machine-learning prediction of the formation of atomic

gold wires by mechanically controlled break junctions . . . . . . . 218

8.1.5 Chapter 7: Ab-initio trained machine learning potential for MAX

compound Ti2AlC: construction, validation, and study of non linear

elasticity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 218

8.2 Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 219

v



Contents

Appendix A 225

Appendix B 245

vi



.

Dedicated to my parents, whose unwavering
support has guided me through this journey.



Acknowledgments

As this chapter of my life comes to a close, I find myself deeply indebted, both intellectually

and emotionally, to several people for shaping the path.

First and foremost, I would like to express my sincere gratitude to Prof. Tanusri Saha-

Dasgupta, for her constant guidance and constructive criticism. Her passion for science,

problem-solving mindset, and systematic approach to critical challenges have been a source

of inspiration for me. Her critical comments and suggestions throughout the drafting of this

dissertation have been invaluable.

I also thank Dr. Amitava Moitra, Dr. Anita Halder, Dr. Biswajit Pabi, Dr. Soumendu

Datta, and Dr. Samir Rom for their collaborative efforts and insightful contributions across

various projects. Their expertise and support have been instrumental to my work.

I would like to especially thank Dr. Atindra Nath Pal for his guidance and providing exper-

imental data towards our collaboration.

I feel truly fortunate to have been part of a research group filled with such dynamic and

supportive colleagues. My sincere acknowledgment goes to Samir, Shiladitya’da, Rajdeep,

Koushik, Manoj, Arnab, Prosanta, Sweta, Sourav, and Arun’da for their unwavering support

and camaraderie. I would especially like to thank Samir for being my first friend here. From

sharing an office space to spending Saturday evenings deep in conversation, his company

has made this journey more joyful.

I heartily regard the S.N. Bose National Centre for Basic Sciences for hosting me through-

out these years and providing an excellent environment for learning and research. There

are several individuals, starting from professors to administrative and non-teaching staff,

to thank in connection to this place. Although I cannot name them all here for reasons of

brevity, my appreciation to them is heartfelt.

My time here has gifted me the friendship of some truly remarkable people who have helped

navigate the recurring trials and tribulations of life, both within and beyond academia. To-

gether, we have shared the common dejection known to most PhD students, often over

countless cups of tea, coffee, and more. Krishnendu’s wry humor and quiet perseverance,

Manodip’s diligence and tireless work ethic, Anirban’s practicality and enthusiasm, and

Samir’s calm determination and levelheadedness have been both recuperative and inspir-

ing. Their presence has made this journey not only endurable, but truly meaningful.

When I had started this journey, I was unsure how meandering it would turn out to be. But I



Contents

was sanguine about a few pit stops that would never fail me. I owe hugely to each of them.

To my friend, my counselor, my brother, Jeet - it’d be futile to attempt penning any note

of gratitude that’d suffice. Thank you for being the back-propagation to my neural net. To

my didi, who has always been my guardian angel. She has tended the perfect concoction

of utmost kindness and practical advice during unfavorable times. Our online sessions,

spanning from philosophy to k-drama, have been greatly energizing : no existential or

fictional crisis went undiscussed!

A massive shout-out to Rahul for defying timezones to keep me entertained with his endless

quirks and wit. I owe him for being a pillar of support during my academic visit to Dresden.

From showing me around to helping me settle in, he made it remarkably comfortable to

navigate a new city far from home.

I also wholeheartedly appreciate my friend Anusuya, for being an ardent supporter and

often more optimistic about the fate of my PhD than myself. Thanks for delivering both

motivation and magically-timed food parcels from miles away!

Finally, and most importantly, my infinite love and gratitude to my Maa and Baba, with-

out whose unstinted support I might have never dared to embark on this herculean exer-

cise. Thank you for the quiet sacrifices, endless patience, and unconditional love that have

formed the very foundation of this course. Every page of this thesis bears the imprint of

your encouragement and warmth. I am who I am because of you.

ix



Abstract

Machine learning(ML) enables extraction of information and unearthing of hidden pat-

terns from often complex and multidimensional data and making predictions or decisions

based on it. This holds promise in complementing the traditional methods of materials’

research which are bottlenecked by their long development cycles, high costs etc. In fact,

ML has lately emerged as a transformative tool in materials science, enabling rapid and

accurate analysis of complex material properties, prediction of new materials with targeted

functionalities, optimization of fabrication processes, to name a few. In this thesis, vari-

ous techniques of ML have been implemented in addressing a range of materials science

problems, given in the following.

• We established a machine learning model for prediction of types of semiconductor het-

erostructures using features that describe the constituent semiconductors, and trained on

a known dataset of binary semiconductor heterostructures. Using this, we theoretically

predicted the types of 872 previously unknown semiconductor heterostructures formed

from combinations of elemental and binary semiconductors. Out of the predicted het-

erostructures, several are experimentally realizable given the acceptable lattice mismatch.

Interestingly, the developed scheme also was found to be extendable to heterojunctions

involving semiconductor quantum dots.

• We studied binary-alloyed metallic nanoparticles composed of a wide range of alkali,

alkaline earth, basic, 3d, 4d, and 5d transition metals, as well as p-block elements, to

determine core–shell preferences by calculating the segregation energies of single-atom

alloy clusters using density functional theory (DFT). Applying machine learning to this

extensive database, constructed from features characterizing the constituent metals, re-

veals the primary factors governing core-to-shell preference. Interestingly, we find that

the dominant factor varies with the metal type. The analysis further reveals the conditions

under which nanoparticles tend to favour mixed or Janus structures over the core-shell

configuration.

• The influence of component concentration and cluster size on ordering was further inves-

tigated in terms of detailed first-principles calculations for Pd-based binary nanoalloys.

These are particularly relevant as potential alternatives to Pt-based electrocatalysts, which

are both scarce and costly. We then elaborated on the catalysis effect of such nanoclusters.

• We developed a hybrid machine learning framework that integrates both unsupervised

and supervised learning models, trained on experimentally measured conductance traces,



Contents

to gain microscopic insight into the process of formation of gold atomic wires in me-

chanical break junction experiments. Using two independent data sets of conductance-

displacement traces of single-atomic junctions, we first determined the optimal conditions

of bias voltage and stretching rate required to form atomic chains longer than 4 Å. We

then applied a deep learning model to classify individual breaking traces, successfully

identifying key trace features associated with long-chain formation. Ab-initio molecular

dynamics simulations were then conducted, offering a detailed molecular-level under-

standing of the mechanisms behind chain formation.

• We adopted a data-driven approach to develop a machine-learning interatomic potential

for the MAX compound Ti2AlC following the moment tensor potential protocol and val-

idated against several physical properties. Finally, the potential is applied in classical

molecular dynamics, providing a faithful representation of the experimentally observed

nonlinear elasticity. We also find the effects of common defects, such as Al vacancies, in

its stress-strain behavior.
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1
Introduction

”Science no longer is in the position of observer of nature, but rather recognizes itself

as part of the interplay between man and nature. The scientific method ... changes and

transforms its object: the procedure can no longer keep its distance from the object.”

- Werner Heisenberg

As human beings came into existence, their trajectory of treading through time became es-

sentially embodied in the materials utilized by them. So much has been the latter’s impact in

progressing human civilization that the ages of history have been synopsized in terms of the

concurrent predominant materials. During the course of the Stone age, the archaic human

used their first tools shaped from stones to facilitate hunting, scavenging, etc., eventually

leading up to the remarkable revolution of agriculture. This juncture of Neolithic history

became the linchpin for the forthcoming organized society. The Bronze Age further rein-

forced the integrity of the growing social fabric through the transmission and trade of exper-

tise, information, and utensils. Out of the womb of the Bronze Age emerged the Iron Age

, driven by the advent of new metallurgical techniques. The invention of electronic compo-

nents such as silicon semiconductors and optical amplifiers in the 20th century brought an

enormous shift from traditional industries to the information technology-based paradigm.

The Information age allowed for the functioning of technologies in digital format; substan-

tially metamorphosing communications,research & development, entertainment, transport

and healthcare. To keep this wheel of technological revolution rolling in the 21st cen-

tury, new materials with targeted properties play a pivotal role. This includes but are not

limited to lightweight durable materials, energy materials, polymers, materials for harsh

environments, and biomaterials for tissue engineering. In order to satiate the exponentially

increasing consumption, mankind has to bolster its resource base by tactfully implementing

present unutilized materials or inventing novel functional materials. But for most of human

civilization, the pace of innovation has been so slow that it has not been before decades
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Figure 1.1: A walk-through across the four paradigms of science: empirical, theoretical,
computational, and data-based.

that materials’ discovery would influence the lives of people. The key bottleneck is the

extensive trial and error approach towards materials engineering, which is time-consuming,

high-cost, and arduous. Moreover, until recently, the lack of real-time databases of such

efforts have been amiss; making the cycles of materials development further redundant and

drawn out.

The progression of the field of materials science has closely followed the tracks of evolu-

tion in the overall fields of science and technology(c.f. Figure 1.1). Throughout most of the

ages, it has been empirical - based on metallurgical inspection. Gradually, it shifted to the

paradigm of theoretical models a few centuries ago, characterized by the various ”laws” in

the form of mathematical equations. However, for complex systems, analytical solutions

tended to be infeasible. The next breakthrough came as we delved into the domain of com-

puters a few decades ago. A third paradigm of computational science opened its doors,

allowing complex numerical simulations based on a theoretical framework already devel-

oped. Density functional theory (DFT) and molecular dynamics (MD) are such excellent

examples.

Today we, as has been told, are experiencing the fourth industrial revolution characterized

by sophisticated technologies that ”span the digital, physical and biological worlds..”[1]

affecting ”nearly the entire gamut of human development..”[1]. So,in order to alleviate

the pressing issue of limited pace and efficacy in materials discovery, a large scale col-

lective and interdisciplinary approach towards the sequence of design, development and

implementation of materials and workflow can be adapted by capitalizing on these cur-

rent state-of-the-art computational and information technologies. Generally speaking, tools

and theories derived from the growing fields of data science & machine learning, big-data

analytics, internet of things(IOT), computer science, digital and cloud technologies are ex-
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ploited. This latest holistic approach comes under the purview of materials informatics[2],

often considered the fourth scientific research paradigm[3]. Major momentum to this field

was provided by the materials genome initiative[4] proposed by the US government in 2011

with the overarching goal of curtailing the developmental cost while substantially accelerat-

ing the process via the engagement of high-throughput prediction models and experiments,

and a systematic repository and sharing platform. The aim of this emerging field lies in

combinatorial materials design and synthesis, modeling, data management, product impact

and life cycle assessment and so on. Furthermore, there has been much advancement in ex-

panded data storage facilities. For example, CERN holds over 200 petabytes of data while

the European Bioinformatics Institute stores tentatively 20 petabytes[5]. The material infor-

matics community can also greatly benefit from such large repositories of relevant materials

data.In fact, presently, several databases of both hypothetical and synthesized compounds,

such as OQMD[6], Materials Project[7], AFLOWLib[8], ICSD[9] etc., have been made

available to the community.

Machine learning, a branch of Artificial Intelligence, is one of the crucial components of

materials informatics. Proposed by Arthur Samuel in the 1950s[10], it is the capability of a

computer to interpret and model the inherent pattern(s) within data.This data-to-knowledge

strategy has already been successfully administered to the fields of pattern recognition

(facial[11] or fingerprint recognition[12]), bioinformatics[13], event forecasting[14], cog-

nitive game theory[15] etc. It is also making great strides within materials research with the

rise of materials informatics. Particularly, it finds great use in problems where fashioning

specific algorithms can be cumbersome or non-viable. In these cases, rather than look-

ing for solutions over a high-dimensional phase space, computers are able to progressively

learn and infer directly from samples.

This capability of machine learning to scheme through multidimensional data, extract infor-

mation, and unearth hidden laws makes it apt for assisting research in materials discovery,

property prediction, and data interpretation, to name a few. Broadly, machine learning can

be classified as supervised learning, unsupervised learning, and reinforcement learning. Su-

pervised learning aims at connecting known inputs to unknown outputs based on patterns

inferred from labeled training data. More often than not, the tasks assigned to such learning

schemes are regression and classification. While the former forecasts continuous numerical

output, the latter groups instances into discretized classes. On the other hand, unsupervised

learning works with unlabeled data either by clustering them based on similarity,or by dis-

covering association rules among them, or by reducing their dimensionality. Reinforcement

learning aims to discover the most optimal result at a task by mimicking a trial-and-error

approach. It is often used in learning representations[16]. Using the techniques discussed
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above, some of the broader applications of machine learning in solving materials science

problems and congruent examples from the literature have been briefly described in the

following paragraphs.

• Discovering new materials : About 35 years back, the then general view towards

materials discovery was well encapsulated by John Maddox, editor of Nature : ”One

of the continuing scandals of physical science is that it remains in general impossible

to predict the structure of even the simplest crystalline solids from a knowledge of

their chemical composition”[17]. The route through first principles based calcula-

tions has been almost insurmountable since the combinatorial space is extensive with

convoluted energy surfaces[18]. Nowadays, this ”classical” approach towards struc-

ture prediction has found some relevance owing to advances in structure selection

and generational algorithms like minima hoping[19], random sampling[20, 21], evo-

lutionary algorithms[22, 23] and metadynamics[24]. Nonetheless, these techniques

demand substantial amount of resource intensive force and energy calculations and

the issue regarding computational feasibility persists. However, search for modern

high-functional materials remains incomplete without scheming through large struc-

tural and compositional spaces. The advances in data-driven approaches have assisted

in challenging this notion. Machine learning can be used to address this problem in

multifaceted ways. One of them is to hasten the force/energy evaluations by replacing

first principles calculations by machine learned force fields. Another prominent ap-

proach is by component prediction[25] where the component space is scrutinized to

find fitting stable materials to a prototype structure. This is achieved by either predict-

ing the formation energies, convex hull calculations or simply computing the proba-

bility of a compound existing in a definite phase. For example, Ward et al.[26] em-

ployed standard Random Forest model to predict formation energies. Similarly, Kim

et.al[27] have identified 53 novel quaternary Heusler compounds. Faber et al.[28]

trained on a set of 104 compositions to compute formation energies of 2 million elpa-

solites crystals, out of which 90 stoichiometries are suggested to be lying on the con-

vex hull. Machine learning has also been implemented in structure prediction. Early

attempts include prediction of probability of a specific binary crystal structure[29],

classification of binary crystal structures[30] and ternary compounds[31], classifica-

tion between perovskite and non-perovskite structures[32] and so on. A somewhat

different approach has been adopted by Park et.al.[33], where unlike using chemical

composition and structure as descriptors, X-ray diffraction patterns are used to dis-

tinguish crystal system and space group of inorganic compounds. A similar approach

has been utilized for crystal structure classification using an algorithm optimized on

a simulated 2D diffraction fingerprint[34]. A neural network based architecture has
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been employed to conjure stable ternary structures by drawing insights from binary

hydrides[35].

• Materials property prediction : Machine learning methods have been successfully

put to test in predicting various materials properties. Classification and regression

algorithms can be employed to map system descriptors to targeted properties, reveal-

ing structure-property relationships. Various technological implementation of mate-

rials require a precise knowledge of bandgap, however, standard exchange correlation

functionals are infamous for their systematic underestimation of bandgaps when com-

pared with experimental values. Other more involved approaches, like using hybrid

functionals or many-body GW approximations, are also computationally expensive.

This issue has been attempted to be overcome using direct ML prediction of bandgaps

based on experimental or theoretical training data. Zhuo et. al.[36] have used a two-

pronged approach characterized by elemental properties of sample constituents,first

to classify materials as metals or non-metals using a classifier and then a regressor

to predict the bandgaps. Weston et.al[37] have taken the route of classification to

distinguish between direct and indirect bandgaps in semiconducting materials. Rajan

et.al[38] have predicted high-fidelity G0W0 bandgaps of MXENES by using varied

regression methods. With the rekindled interest in the topic of topological states in

condensed matter owing to the discovery of topological insulators[39, 40], the ML

ansatz has made inroads in the research of this field. Neural Networks have been de-

ployed to predict the topological invariants of 1D and 2D topological insulators[41–

43]. In another work, taking advantage of the capability of neural networks in pro-

cessing images, a representative image of the Hamiltonian derived from Monte Carlo

simulations have been used to determine the topological phase of the system[44]. ML

has been widely applied in the exploration of superconductive properties in materials,

particularly their critical temperature TC. Isayev et. al.[45] have segregated super-

conductors with TC above and below 20K. Further, they used partial least squared

regression and a forest-based regression scheme to model the transition temperature.

Stanev et.al[46] have used a relatively larger dataset of 14000 materials in classifying

materials with TC below and above 10K with an accuracy of 92%. They have also

observed that crucial descriptors are the average number of valence electrons, the

metallic electronegativity differences, and orbital radii differences. Ziatdinov et al.

have applied clustering algorithms to scanning tunneling microscopy data to derive

insights into electronic interactions, expecting to throw light upon the illusive domain

of unconventional superconductivity[47].

• Interpretation of experimental data : ML has also been utilized in the interpreta-
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tion and processing of experimental data. Neural network-based pattern recognition

systems have been used to characterize complex surface reconstructions[48]. Elec-

trochemical impedance spectroscopy (EIS) data can be interpreted with ML, as ex-

hibited by Bongiorno et. al[49]. X Ray Diffraction patterns have been analyzed using

various ML workflow, including XRD classification,lattice analysis, detection of de-

fects, etc[50]. In the same spirit, information can also be retrieved from neutron scat-

tering data under the purview of ML[51]. Phase transition in ferroelectrics has been

determined by implementing ML on multidimensional datasets depicting relaxation

to voltage and thermal stimuli, without construction of an explicit Hamiltonian[52].

Interestingly, on the other end of the spectrum, the information from failed experi-

ments has been found to be beneficial in training a ML model capable of predicting

the crystallization of vanadium selenites[53].

• Machine learning force fields: First principle calculations can mostly provide accu-

rate accurate descriptions of systems at a high computation cost. But Monte Carlo

simulations, atomistic and molecular dynamics simulations or other techniques re-

quiring frequent evaluations of forces,energies or stresses on larger systems or for

longer simulation times cannot possibly afford to pay this price. In molecular dy-

namics, for example, simulations are based on classical force fields. Machine learned

force fields, in this context, can describe the potential energy surface with high accu-

racy. They are reported to be as accurate and versatile as quantum mechanics based

methods while being as fast as classical force fields. The underlying hypothesis for

this class of force fields is that the force acting on an atom depends solely on the

arrangement of its surrounding atoms. With a dataset containing sufficient arrange-

ment vs force/energy examples, one can train an algorithm to learn the relationship

between them and make future enumerations based purely on atomic arrangement in-

formation. The seminal work of Blank et.al.[54] on surface diffusion of Co/Ni(111)

based on a neural network potential connected the energy of a system to its structure,

specifically to the angle of the molecular axis relative to the surface normal and the

location of the center of mass. The learning set has been generated from first principle

calculations. One of the popular approaches in literature for representing the potential

energy surface using machine learning can be accredited to Behler and Parrinelo [55],

who suggested that the total energy of a system can be divided into their atomic con-

tributions. Every atomic neighborhood, represented by a set of symmetric functions,

and their corresponding energies/forces serve as input. Several different force fields

have been built based on this principle, for example, the spectral neighbor analysis

potential[56], moment tensor potential[57], neural network potentials[58] etc. An-

other family of highly explored potentials is the Gaussian approximation potentials

6



(GAPs)[59], interpolating atomic energies using Gaussian Process Regression[60].

The application of such potentials has been made to phases like bcc ferromagnetic

iron[61], boron[62] and graphene[63] with great accuracy. Some other linear models

worth mentioning are the works of Seko et.al[64] who have generated force fields for

Na and Mg l[65].

In this thesis, we focus on different systems, starting from atomic scale to bulk limit, and

attempt to address open questions germane to them. The systems studied in this thesis are:

• Semiconductor Heterostructures: Fabrication of semiconductor heterostructures

with targeted characteristics involves scheming through a large number of combina-

tions of the constituent semiconductors. A high-throughput search of this configu-

rational space is restrictive in terms of conventional simulations. In our study, we

focus on suggesting novel heterostructures formed by the joining of elemental and

binary semiconductors; thus belonging to the branch of machine learning that aids

discovering new materials. We first demonstrate that the type of heterostructure can

be accurately predicted based on the band structure of the constituent semiconduc-

tors. We then train our algorithm, utilizing features that describe these semiconduc-

tors, on a known dataset of binary semiconductor heterostructures. Using the trained

model, we theoretically predict the types of a large number of unknown heterostruc-

ture semiconductors, involving both elemental and binary semiconductors. Notably,

the developed method is found to be extendable to heterojunctions of semiconductor

quantum dots.

• Bimetallic nanoalloys, particularly, core-shell configuration: The factors driving

the core-shell segregation of bimetallic nanoalloys is an interesting research problem.

There is a dearth of experimental efforts in synthesizing and identifying the ordering

in binary nanoclusters. Alternatively, we leverage a machine learning algorithm’s

capability of detecting underlying patterns in complex data. It is trained on first-

principles data to identify chemical ordering in core-shell nanostructures. The key

factors belonging to the constituent elements and their relative importance in ordering

are elucidated. The influence of component concentration and cluster size on ordering

is further investigated in terms of detailed first-principles calculations for Pd-based

binary nanoalloys. These are particularly relevant as potential alternatives to Pt-based

electrocatalysts, which are both scarce and costly. We then elaborate on the catalysis

effect of such nanoclusters.

• Gold atomic 1D-chains: A mechanically-controlled break junction can be utilized in

forming monoatomic 1D atomic chains of reasonable length. The impact of external
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1.1. Material Background and Phenomena

stimuli such as stretching rate and bias voltage is critical in their mechanical stability

and transport properties. The combined influence of the electric field and the stretch-

ing rate on optimizing atomic chain formation has not been thoroughly investigated.

Additionally, the widely used histogram analysis is unable to precisely identify the

trace characteristics affected by the nanoscale structure of the metal electrode prior to

the rupture of the point contact. In our work, machine learning model has been built

based on large dataset obtained from inhouse experimental facility. In particular, a

combination of unsupervised and supervised machine learning models are utilized to

achieve a deeper microscopic understanding of Au chain formation. Particularly, we

find optimal conditions of bias and the stretching rate for the formation of chains of

length > 4 Å and detect trace features linked to these long-chain formation.

• Layered, crystalline, MAX compounds, particularly, Ti2AlC: MAX phase com-

pounds, which are layered crystalline solids, exhibit an intriguing nonlinear elastic

behavior inspite of being mechanically stiff. Theoretical investigations of this curi-

ous feature have been challenging due to the length and time scales involved in these

phenomena. In this study, we employ a data-driven approach to develop a machine-

learned interatomic potential for the MAX compound Ti2AlC. The effectiveness of

the model is validated against various physical properties and finally applied in repro-

ducing the non-linear elastic behavior in a classical molecular dynamics simulations

scenario. The study uncovers the ripplocation as the underlying mechanism.

A brief background and pertinent theories of each of the aforementioned systems are de-

scribed in the next section.

1.1 Material Background and Phenomena

1.1.1 Semiconductor heterostructures

The discovery and implementation of semiconductors have brought about a sea change

in the domain of electronics and have permanently altered the course of human history.

The research and development of semiconductor heterostructures, constructed by inter-

facing dissimilar semiconductors with unequal bandgaps, further widened their impact in

many areas of human life. Semiconductor heterostructures have such an all-encompassing

acceptance and attention owing to the potential of tuning their fundamental parameters

like bandgap width, refractive index, effective masses and mobilities of carriers, and the

electron energy spectrum. Double heterostructure lasers in telecommunications systems,

high-electron-mobility transistors applied in high-frequency devices like satellite television
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1.1. Material Background and Phenomena

systems, light-emitting diodes and bipolar transistors, and solar cells with heterostructure

components are just a few examples of practical applications of heterojunctions.

1.1.1.1 Classification and designing of heterostructures

When a heterojunction is formed by joining two semiconductors of dissimilar band gaps,

discontinuities emerge between their valence band maxima or conduction band minima at

their interface, and the consequent band bending modifies the electronic properties. These

properties depend greatly on the nature of valence(conduction) band offsets VBOs(CBOs),

viz. the discontinuity in valence bond maxima(conduction band minima) between two in-

terfacing semiconductors, and the condition of the interface with respect to roughness and

interfacial defects[66]. The structural integrity of the heterostructures can be achieved by

choosing constituents with comparable lattice constants and crystal structure, or atleast,

symmetry. For example, in Figure 1.2, the direct band gap and lattice constant of the var-

ious III-V and II- VI compounds are plotted. Few binaries, like GaAs/AlAs, InSb/CdTe,

InAs/GaSb and InAs/AlSb have nearly the same lattice constants but different bandgaps

and have been synthesized as a result of their clean crystalline interfaces. Ternaries can

be derived by combining two binaries, with different band gap and lattice constant. The

line joining the binaries in Figure 1.2 gives the values of the ternary compounds that may

be made by consolidating them. It will have an identical lattice constant if the combining

binaries have comparable lattice constant. The bandgap can lie between the two extreme

values, depending on the percentage of the binaries. For instance, AlxGa1−xAs has similar

lattice lattice constant as AlAs and GaAs, but the direct bandgap can range between 1.51 ev

and 2.79 eV based on value of x. Moreover, combination of binaries with dissimilar lattice

constants can give rise to a ternary with lattice constant comparable to a third binary. For

example, Al0.45In0.52As and Ga0.47In0.53As are ternaries whose lattice match to InP. Het-

erostructures of good crystalline quality can also be obtained with non-matched lattices,

but for lower dimensions. The strain generated from the lattice mismatch can be accommo-

dated upto a thickness of around 4 nm[68]. The larger thickness can cause stacking faults

due to the strain. The heterojunction interfaces are mostly devoid of crystal defects and in-

terfacial charge density. Thus, the potential profile arising from the disparity in the bandgap

is solely responsible for altering the electron states in the heterostructures as compared to

the bulk states.

The aforementioned band alignment distinguishes the heterostructures into three classes,

as schematically shown in Figure 1.3:(i) type-I (straddling gap), (ii) type-II (staggered

gap), and (iii) type -III (broken gap)[69]. In type-I heterostructures, the valence bond

maxima(VBM) and conduction band minima(CBM) of one material lie entirely within the
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1.1. Material Background and Phenomena

Figure 1.2: Lattice constant of various III-V and II-VI semiconductors against their direct
band gap Eg. The figure is taken from Ref [67].

bandgap of the other, and consequently, VBM and CBM of the system lie in the same layer.

The conduction band offset Ec and the valence band offset Ev can be represented as :

∆Ec = Ec1 −Ec2 = f (Eg1 −Eg2) = f ∆Eg

∆Ev = Ev1 −Ev2 = (1− f )(Eg1 −Eg2) = (1− f )∆Eg

It is considered that Eg1 >Eg2 and ∆Eg is the bandgap difference. The factor f gives the

ratio ∆Ec
∆Eg

and is determined by the pair of materials across the heterojunction with mag-

nitude lying between 0 and 1. In type-I heterostructures, the narrower bandgap consti-

tutes a well-like structure, while the wider bandgap acts as a barrier structure. This con-

fines the electrons and the holes to the lower bandgap material in these heterostructures.

Al0.48In0.52As/Ga0.47In0.53As, InP/Ga0.47In0.53As and Alx Ga1−xAs/GaAs are some type-I

heterostructures. This kind of heterostructures find application in light-emitting diodes and

lasers, etc.

In type-II heterostructures, the bandgaps of the constituents partially overlay each other

with one’s CBM situated inside the bandgap of the other, and resultingly, the CBM and

VBM of the complex lie in different layers. In these, Ev1 >Ev2 and Ec may or may not
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1.1. Material Background and Phenomena

be greater than Eg1. In contrast to type-I, Eg1 is not necessarily greater than Eg2 and ∆Ec

< Eg1. Holes and electrons are confined in separate components of the heterostructure.

InAs/Al0.4Ga0.6 is an instance of type-II heterostructure. These are implemented in photo-

voltaic devices and photodetectors. In the literature, Type-II has sometimes been referred

to as Type-II staggered.

Figure 1.3: Types of semiconductor heterojunctions based on band alignment of its com-
ponents.

Type-III heterostructures are devoid of any overlap in the bandgaps. Here also the electrons

and holes are limited to separate materials. But, the valence band of the material contain-

ing the holes overlays the material with the electrons, leading to some unusual phenomena.

They are utilized in tunneling devices such as negative differential resistance (NDR) de-

vices and chemical sensors, as they enable the formation of p-n junctions without the need

for external chemical doping. InAs/GaSb belongs to this class of heterostructure. In the

literature, Type-III has sometimes been referred to as Type-II misaligned.

Effective designing of the band offsets is a crucial requirement relevant to all electronic

devices exploiting semiconductor heterostructures.Two empirical rules[70–73] have been

historically used in estimation of band offsets before the arrival of more complete theoreti-

cal methods. The oldest approach is due to Anderson[70, 71]. He stated that the difference

in conduction band edges is equivalent to the difference in electron affinities of the con-

stituents, i.e, the conduction band offset is :

∆Ec = x1 − x2,

where x1 and x2 are the electron affinities of the two materials across the junction. Despite

the criticism of this simplistic model[68], it has been used extensively in the past and had
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1.1. Material Background and Phenomena

closely matched experimental results in some cases.

The other empirical rule, called the common anion rule[72, 73], stands on the empirical

results derived from Schottky contacts[74] in III-V and II-VI compounds.When interfaced

with gold, the Schottky barrier for the valence band of these compounds has been observed

to remain consistent across different compounds that share the same anion. The theoretical

bandstructure calculations present that the valence band is majorly contributed by the p-

levels of the anions with minimal contributions from the cations. Consequently, the VBM

position with respect to some reference level should rely only on the anion’s electronega-

tivity. The valence band offset between compounds sharing common anion should be zero,

while the offset for different anions can be determined from the Schottky barrier valence-

band offsets. However, experimentally the band offsets are seen to vary in the order of

0.2-0.4 eV between compounds with common anion. Thus, the rule cannot be strictly im-

plemented, but considered as a guiding tool.

Several theoretical approaches have been used in the context of predicting band offsets at

heterojunctions[75, 76]. These comprise the model solid theory[77], the dielectric midgap

energy[78], the branch point energy or the charge neutrality level[79, 80] and the self-

consistent dipole theory[81], generally in conjugation to first principles calculations.

A heterostructure can also be classified on the basis of arrrangement and interface of its

constituent materials : (i) spherical zero dimensional (0D); (ii) cylindrical one dimen-

sional (1D); (iii) planar two dimensional (2D); and (iv) cubic three dimensional (3D). 0D

heterostructures have garnered much interest owing to their unique properties. Some no-

table examples are nanoclusters, quantum dots, quantum wells and core-shell structures[82,

83]. 1D nanoscaled heterostructures like nanowires[84], nanosheets[85] , nanorods[86] and

nanotubes[87] have found extensive application for their physical and chemical properties.

2D heterostructures such as thin films are widely used in the electronics industry. 3D nanos-

tructured materials comprise powders and polycrystalline materials in which 0D,1D and 2D

elements are brought together to form heterostructure interfaces.

A substantial research endeavor has been put into type-II nanostructures composed of III

and V direct bandgap semiconductor materials. This is because they offer relatively large

bandgap energies and enable coverage of the entire mid- and far-infrared optical ranges for

photoelectric devices. In nanoparticles/quantum-dots, the energy levels are discrete due to

the confined carriers in all dimensions and electronic properties are dominated by their ge-

ometric size and shape. This quantum confinement in individual nanoparticles, combined

with the unique balance of electronic properties from the parent semiconductors, offers ex-

otic functionalization in heterostructures at the nanoscale. In this context, heterostructures
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1.1. Material Background and Phenomena

constructed of two different semiconductor quantum dots (QDs) are of interest because they

allow for band offset engineering by tuning the QD-relevant structural characteristics. For

example, the GaSb/GaAs quantum dot, which exhibits giant valence band offset, can find

application in light emitting devices in the spectral range of 1 to approximately 1.5 µm,

such as in neurology, ophthalmology, and endoscopy [88].

1.1.1.2 Applications

Catalytic applications: Heterostructure semiconductors have found recent applications in

photocatalytic hydrogen evolution in photocatalysis. Various structures that enhance the

hydrogen evolution rate have been synthesized and characterized. Heterostructures based

on sulfide have found ubiquitous interest in this regard. Although transition metal sul-

fides have the necessary characteristics of a narrow bandgap and an appropriate valence

band structure, they are unstable to some extent. Hence, they are usually combined with

other semiconductor materials to alleviate this issue. Some example are : Cds/Nb2CTx

Schottky heterojunctions formed by growing 1D Cds nanorods on 2D Nb2CTx, CdS-MoS2

heterojunctions, 2D/2D Ti3C2Tx/ZnIn2S4 nanosheets etc. Another variant is the hetero-

junctions based on graphitic carbon nitride (g-C3N4). The limited photochemically active

surface area of pure g-C3N4 and its inadequate solar energy utilization result in photo-

catalytic activity that falls short of optimal performance. Hence heterostructures such as

g-C3N4/rGO/perylene diimide, cyano-modified graphitic carbon nitride (CGCN)/Cds etc.

have been explored.

Electronics applications: Semiconductor heterostructures exhibit multifaceted applica-

tions in electronics.

• Semiconductor lasers : Semiconductor distributed-feedback laser, IR type-II het-

erostructure lasers,vertical surface emitting lasers.

• High-efficiency LEDs and low-noise, high-electron-mobility transistors(HEMTs) uti-

lized in high-frequency devices

• Solar cells and photodetectors, relying on wide-gap window effect. Space station Mir

has been equipped with heterostructure solar cells.

• Bipolar wide-gap transistors, high-power diodes and thyristors.

1.1.2 Bimetallic nanoalloys

In recent times, bimetallic nanoalloys have attracted both academic and industrial interest

for their unusual properties, which can be different from pure metal clusters of their con-

stituents and bulk alloy configurations, and for their miscellaneous applications in optics[89,
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90], catalysis[91, 92], biomedicine[93, 94] etc. The interesting part of these alloys is that

their properties depend not only on their size, as evident in pristine nanoclusters, but also

on their chemical composition and stoichiometry. A rich variety of phases and structures

are possible, and regulating them can be the stepping stones towards custom-made cluster-

assembled materials[95].

The structural motifs of nanoparticles are varied and can change with size in a complex

manner. Moreover, the constraint of alloy formation imposes additional caveats. Broadly,

structural motifs can be divided into two classes: the crystalline and the noncrystalline

motifs. The crystalline motifs are the segments of bulk crystals, viz,portions of the body-

centered cubic (bcc), hexagonal close-packed (hcp), and face-centered cubic (fcc) lattices.

The noncrystalline motifs are made possible by the absence of the constraint of translational

symmetry in clusters and nanoparticles, which can acquire shapes unlike fragments of crys-

tal lattices. For pure metal nanoparticles the icosahedron (Ih) and the decahedron (Dh) are

common motifs while nanoalloys can assume other structures like the polyicosahedra.

1.1.2.1 Crystalline structures

In order to obtain energetic stability, cut is made to expose only low surface energy orien-

tations. In most metals, these coincide to surfaces with densest atomic packing.

Face-centered cubic (fcc) nanoparticles: In FCC, (111) surfaces are closed packed with

maximum possible 6 nearest neighbors to each atom. To obtain a nanoparticle with surfaces

strictly made of (111) facets, an octahedral or a tetrahedral fragment can be cut. Structures

based on regular octahedron (Oh) is more ubiquitous than the tetrahedron. To optimize the

relatively larger surface-to-volume ratio in them, tactful truncation can be performed at the

vertices giving rise to the truncated octahedron (TO) or the cuboctahedron (COh).

Body-centered cubic (bcc) nanoparticles: In BCC lattice, the densest packed surface is

of (110) type. A fragment exposing these surfaces can be cut in an octahedral form, albeit

not a regular one. The triangular facets are isosceles triangles. Truncation are preferable

here too, by removing atoms from the common vertices of the two pyramids, forming a

rhombic dodecahedron (RD). It can additionally be truncated at its six more acute vertices,

uncovering (110) facets.

Hexagonal close-packed (hcp) nanoparticles: HCP lattice cannot be fragmented to ex-

clusively reveal close-packed facets. Facets of type (101̄1) offer good compactness, with

each atom having five nearest neighbors in the surface plane. A hexagonal bipyramid with
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surfaces made of 12 (101̄1) facets can be an option. It can be truncated at the top and bottom

vertex to yield a truncated hexagonal bipyramid.

1.1.2.2 Non-crystalline structures

Decahedra: The decahedron has a five-fold rotational axis which is not a permitted sym-

metry of a Bravais lattice. Evidently, it is noncrystalline. The regular decahedron is built

by joining two pentagonal pyramids at their bases. It can hold 10 close-packed (111)-like

facets, but also have a large surface-to-volume ratio. This can be compensated by forming

the ino-decahedron[96] with five (100)-like facets by the removal of atoms from the edges

surrounding the common base. Moreover, Marks decahedron[97] can be constructed by

inserting re-entrances separating the (100)-like facets- providing further energetic gain.

Mackay Icosahedra: The mackay icosahedron[98] is a noncrystalline structure formed

of concentric atomic layers. It features 20 triangular close-packed (111)-like facets and 12

vertices. Several surface reconstructions are possible, which form the foundation of the

well-known low-symmetry structures initially introduced by Garzon et al.[99] as the lowest

energy isomers of pure Au55 clusters. Reconstructions can happen by a series of Ros-

sette[100] restructering of its vertices. Further structures like the Chui icosahedron[101]

and the Mackay icosahedron with a central vacancy[102] are also possible.

Beyond the above mentioned structures, several other configurations like the anti-mackay[103],

polyicosahedra[104], leary tetrahedra[105] and pentadodecahedra[106] are also found.

1.1.2.3 Chemical ordering

Chemical ordering denotes how different elements are arranged within a nanoparticle.

There can be two main types of ordering : mixing patterns and non mixing patterns.

1.1.2.3.1 Mixing patterns

The mixing chemical ordering patterns are generally differentiated by their degree of or-

dering. These can cover from perfectly ordered phases, as in fragments of bulk ordered

phases(Figure 1.4 (A)), to entirely random solid solutions(Figure 1.4 (B)). Real systems

are composed of both of these orderings. However, all ordered phases contain defects at

finite temperature, while true randomness is unachievable due to presence of finite short

range correlation. Systems exhibiting ordered phases for some specific compositions are

Au-Pd, Au-Cu, Fe-Pt and Co-Pt. FCC lattice form the basis of these compositions. Ex-

ample of systems that exhibit random mixing are Ag-Au and Ag-Pd. In fact, a long-range
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1.1. Material Background and Phenomena

Figure 1.4: Schematic representation of mixing configurations,taken from[107].(A) FCC-
based ordered phases in a regular truncated octahedron. Nanoalloy surfaces and cross-
sections are shown. (B) Randomly mixed disordered phase.

order parameter is often employed to investigate whether an alloy is in ordered or disor-

dered state. In reality, the mixing patterns are further complicated by the tendency of one of

the components to segregate to surface(the component with lower surface energy). This can

exhaust the nanoalloy interior,forming patterns between mixed and core-shell, or even com-

pletely core-shell(see section 1.1.2.3.2). This segregation trend can be the natural tendency

of the element, or induced by the environment of the nanostructure: for example,ligands

binding strongly to a component can pull it to the surface.

1.1.2.3.2 Non-mixing patterns

A motley of nonmixing patterns have been observed, as portrayed schematically in Figure

1.5. A frequent pattern is the core-shell pattern, characterized by a core of one type of

atoms A covered by shell of another type of atoms B, often represented as A@B (Figure

1.5 (A)). A phase-separated form called Janus pattern, nomenclatured after the two-headed

god of ancient Roman mythology, is also seen, shown schematically in Figure 1.5(D). Here

the nanoalloy is occupied by two species at opposite sides. Other probable arrangements

include multishell(Figure 1.5 (B)),quasi-Janus(Figure 1.5 (E)), ball-and-cup pattern(Figure

1.5 (C)) and multi-shell patchy[109–113]. In a three-shell configruation, a core of species

B is surrounded by an intermediate shell of species A which, in turn, is again coated by an

outer shell of B, as represented by B@A@B. In a quasi-Janus setup, we can consider the A

part being engulfed by atoms of B type forming a very thin layer of A, or an asymmtrically

placed core in a core-shell nanoparticle. In a ball-and-cup configuration, the shell incom-

pletely covers the core in one of its sides. A unique multi-shell ordering with patchy nature

16



1.1. Material Background and Phenomena

Figure 1.5: Schematic representation of non-mixing configurations,adapted
from[108].Two types of atoms A and B are shown in orange and gray,respectively.Each
pattern is presented from three views: external structure(left),cross-section(middle)
and B atoms drawn as small spheres(right).From top to bottom: (A)Core-shell A@B;
(B)Multi-shell B@A@B; (C)Ball-and-cup A@B; (D)Janus; (E)quasi-Janus A@B.

has been observed in nanoalloys like Pd-Pt, where component species have negligible lat-

tice mismatch. Each shell is constructed by conglomeration of atoms of the two species but
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Figure 1.6: Patchy multishell ordering in Pd-Pt nanoalloy,taken from[109].The distinct
shells are shown. In each shell two species, shown in two different colors, are aligned in
patches.

their order are reversed in alternative shells, see Figure 1.6.

The important driving forces behind the non-mixing behavior can be briefly noted as follows[104,

114]:

• Poor likelihood of elements mixing at bulk limit.

• Element with lower surface energy segregates to the surface. Generally, surface en-

ergy correlates to cohesive energy.

• Atomic size mismatch forces larger atoms to surface to reduce internal stress.

Size mismatch and surface energy difference can cooperate if species with larger atoms has

lower surface energy(e.g, in Au-Co, Ag-Co, Au-Pt,Ag-Ni etc). Conversely, if the larger

atoms possess a higher surface energy, these two effects can be counteractive. Further-

more, the geometric structure of the nanoalloy plays a crucial role in chemical ordering in a

complex way[115].Thus,the segregation trend in nanoalloys is highly nontrivial, due to the

interplay of multiple factors.

1.1.2.4 Applications

Biomedical applications: Nanomaterials have found wide usage in biomedicine. This ca-

pability can be ascribed to the advantages of their high surface- to-volume ratio. However,

physical properties that are suitable for the purpose of the application are the most crucial

parameters to consider. Moreover, the selected system should a priori be ”safe” through-

out the duration of its use. The spectrum of application can be divided into two flavors

: in-vivo and in-vitro. The former includes therapeutic techniques such as hyperthermia

and targeted drug delivery, and diagnostic aspects such as bioimaging. Nanoalloys such

as Fe-Co and Cu-Ni have been prescribed for hyperthermic treatment. Fe3O4 nanoparti-
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cles with varied coated systems have been suggested for drug delivery to cancer cells. In

MRI, core-shell nanoparticles, for instance Fe-Co, Fe-Ni, Fe-Pt, etc., have been suggested

as contrast agents. The latter is mainly implemented in diagnostic purposes like magneto-

relaxometry[116].

Catalysis: Nanoalloys can find utilization as catalysts in some of the most critical industrial

chemical processes. In three way catalysis(TWC) CO, hydrocarbons(HC) and NOx in auto-

mobile exhaust are congruently converted. CO and HC are oxidised to Co2 and H20 while

NOx are reduced to oxygen. Pt-Rh nanoalloys have been employed in NOx decomposi-

tion. Au-Ag nanoparticles have been reported for oxidation of CO[117]. Au-Cu bimetallic

nanoparticles have also been inspected as a catalyst for CO oxidation[118]. Effective cat-

alysts for the Fischer–Tropsch[119] process is another challenge and bimetallic systems

like PtCo, CuCo,RuCo are found to be promising. Catalytic reforming is an indispensable

part of refinery industry. Pt-Re and Pt-Sn bimetallic systems have shown exciting headway

in this regard. Optimized activity is of utmost importance in electrocatalysis. Activity of

dendrimer-encapsulated Pt nanoclusters has been reported to be substantial. Other candi-

dates include Pt-Ir, Pt-Pd, MnCo etc.

Energy applications: The disbursement and storage of energy in an effective and sustain-

able manner is an ongoing research requirement. Conventionally, expensive and rare metals

have been an essential component to reach peak performance in terms of catalytic perfor-

mance in hydrogen evolution reaction and the oxygen evolution reaction[120]. For oxygen

evolution reaction, the usage of Pt-shell@M-core nanoalloys, where M is transition metals

like Fe,Co,Cu,Ni, has been explored. For ethanol oxidation reactions, Sn/Pt nanoparticles

have been found useful. The use of nanosystems have also being attempted in batteries,

specifically in nanostructuring the electrodes. Most of the success in cathode engineering

has come from carbon nanostructures, with some examples of nanoporous metallic systems

of Au,Pt,Pd and Ag and their combinations. For anode, Cu-Li systems are found to be

encouraging. Nanoparticles like AuCu are used in photocatalysis. Metallic nanoparticles

such as Au, Al and Ag are used to manufacture photovoltaic devices.

1.1.3 Atomic gold 1D chain

The metallic nanowires fashioned by mechanically controlled break junction or scanning

tunneling microscopy techniques, being a one-dimensional system, have emerged as a

unique testbed for electronic transport phenomenon in the atomic limit. They are pro-

jected to play a significant role in future generations of electronic devices. The observa-

tion of step-like conductance during the formation of these wires has generated increasing

interest in this field since the last decade[121, 122]. The invention of the Scanning Tun-

neling Microscope (STM) greatly impacted the panorama of this field. Gimzewski and
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Figure 1.7: Conductance histogram of Au contacts at room temperature combining several
thousands independent measurements, taken from [130].

Möller[123] first used the STM to investigate the conductance in atomic sized contacts and

Dürig et.al[124] measured the forces using an Atomic Force Microscope (AFM). Secondly,

the quantization of conductances was observed in 2D electron gas devices[125]. Finally, the

mechanical properties of atomic-sized metallic contacts were elucidated in two seminal pa-

pers [126, 127]. It was shown using molecular dynamics simulations of contact between an

atomic scale STM tip and a flat surface that the contact underwent a series of elastic defor-

mations and abrupt atomic rearrangements. These three activities imparted inertia to devel-

opments in the early 1990s. Around this time, Muller et al.[128] came up with the technique

of the mechanically controllable break junction (MCBJ) to make and break atomic contacts

- establishing the quantized behavior of the conductance with steps of G0=2e2/h[129]. Such

phenomenon was attributed to atomic structural reconfigurations[126, 127]. This subtle in-

terplay of structure and conductance has been closely observed under the purview of several

experimental results. In the experiments, atomic-sized contacts are stretched till breakage,

and the conductance across them is measured. The conductance falls stepwise with steps of

order of G0. Each curve displays a unique profile due to the different possible atomic con-

figurations the contact can assume.. For objective analysis, conductance histograms based

on multiple such curves are made. The presence of conductance plateaus, preferably at nG0

values, has been observed for various metals under different conditions.
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1.1.3.1 Gold contacts and morphologies

Gold contacts have been extensively investigated by the histogram method. Many charac-

teristics of the histograms, observed in experiments performed at wildly varied conditions,

seem to coincide. The low reactivity of the gold surfaces and capability of excellent sur-

face reconstructions might be the underlying cause. In general, peaks slightly shifted to

lower values from 1,2 and 3G0 are recorded, and the shift can be accredited to electron

backscattering at impurities or defects near the contacts. The first peaks are always the

most pronounced, whereas the latter peaks decrease in height with increasing conductance,

as shown in Figure 1.7. The first peak can survive upto 2V of bias voltage, analogous to

impressive current densities of the order of 2× 1015A/m2. The other features also remain

unchanged upto 500 mV. No qualitative changes are observed in the histograms between

helium and room temperatures[131]; however, the relative height of the first peak increases

as the temperature decreases. Although no significant change is observed depending on

the retraction rate ranging from 30 to 4000 nm/s, at very slow limit[132] the shape of the

histogram can alter substantially owing to the surface diffusion of gold atoms.

Two typical morphologies of gold atomic contacts are single-atom contacts and chains. This

has been explored in ref [133] in some detail, using a combination of molecular dynamics

simulations and tight-binding calculations. In Figure 1.8, taken from the above reference,

the forces, the conductance, the radius of the minimum cross section, and the transmissions

of the different conduction channels are presented for the evolution of a starting configu-

ration of central gold wire connected to two banks. The decrease in conductance on the

stretching of the wire is closely aligned with the changes in the minimum cross section.

However, at some points, the conductance jumps in spite of the smooth evolution of the

cross section. This can be attributed to the atomic rearrangements further away from the

narrowest part of the wire. The force evolution in the upper panel also corroborates this.

If jumps in conductance are not supplemented by sudden toggles in the minimum cross

section, abberations in the forces can be observed. This suggests that plastic deformations

in the regions of the wire far from its thinnest part also affect the conductance. The most

interesting part of the evolution of a gold nanocontact is the region before its breaking, i.e.,

around 1G0. A glance at the MD snapshots at the bottom panel would convince that a single

conduction channel dominates. This is because the number of channels is determined by

the number of valence orbitals at the tip of the contact[134]. For Au, the density of states

at the Fermi level is dominated by the 6s band, meaning that there is only a single valence

orbital. During the stretching exercise, the channels are removed consecutively as the Au

atoms leave the narrowest part of the constriction.

In certain cases, the contacts do not break, but rather form a chain of atoms pulling atoms
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Figure 1.8: Formation of single-atomic contacts of Au. The top panel exhibits the forces
with contact stretching. The lower panel shows the conductance and minimum cross sec-
tion. The image below the graphs are snapshots from MD simulation of stretching of the Au
wire. Taken from [133].

from the bank. The formation of chains has been suggested in different simulations and

experiments[135, 136].Bahn and Jacobsen have explained the mechanism in terms of many-

body effects in metals. The crux is that it is typical that the binding strength increases as the

coordination number decreases. Thus, the force required to break bonds in a linear chain

is larger than the force needed to break the bulk bond. The conductance can range from

0.6G0 to 1.1G0, with a flat plateau around 1G0. The conductance is again dominated by a

single channel, which is a consequence of Au being a monovalent atom. At the final stages

of elongation, in some cases, multiple channels are observed. Figure 1.9 shows that the

structural variations in conductance during chain formation are followed by sudden shifts

in forces, indicating plastic deformations. These deformations are understood to correspond

to the addition of another atom to the chain.
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Figure 1.9: Formation of Au chain. The top panel exhibits the forces with contact stretch-
ing. The lower panel shows the conductance and minimum cross section. The image below
the graphs are snapshots from MD simulation of formation of chain and its subsequent
breaking. Taken from [133].

1.1.3.2 Effect of bias voltage and stretching rate

External parameter like bias voltage is found to affect the atomic contacts. Bias voltage

is applied to measure the conductance. In particular, the stabilization of these nanowires

and the relevant geometries at higher bias has been reported[137, 138]. The nanowires

because of their size are ballistic, but high bias can lead to a finite probability of inelastic

electron-phonon scattering. Energy dissipation has been shown to occur when the applied

bias voltage exceeds the characteristic zone-boundary phonon energy. Scattering events

per volume will be predominant within the atomic wire, owing to the high current density.

Thus, the average lattice vibration energy will contribute towards increasing the local ef-

fective temperature. This increased temperature can lead to thermal rupture of the wire,

and hence a significant parameter. It is also found that the maximum voltage sustained

decreases as chain length increases. The first peak can shift to higher conductance values

as the chains are transformed into single-atom contacts at higher bias voltages. Another
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Figure 1.10: Semilogarithmic plot of contact breaking length and contact lifetime ver-
sus stretching rate clearly illustrating three distinct regions: the force-breaking regime,
the force-accelerated spontaneous breakdown regime, and the self-breaking regime. Taken
from [139].

factor that impacts chain formation is the breaking speed/stretching rate while using a setup

like MCBJ. It is the rate at which the bending mechanism of the MCBJ separated the elec-

trodes, thus thinning the wire, breaking it at its weak point, and relaxing again to reestablish

contact. A study[139] of gold junctions at room temperature has revealed that the peak of

single atomic contact lifetime(τB) shifts monotonically to higher values as the stretching

rate(vd) decreases. It is anticipated that during mechanical elongation at low stretching

rates, sufficient relaxation of the contact structure will occur, given the relative mobility of

gold atoms at room temperature. Consequently, stable contacts with specific configurations

are more likely to form. The characteristic contact breaking length LB is calculated from

τB, assuming that that the contacts are elongated at a uniform rate vd , and is plotted as a

function of vd alongside τB in Figure 1.10. The plot reveals three distinct regions : the

self-breaking (SB) regime, where LB tends to zero and τB saturates, the force-accelerated

spontaneous breaking (FA) regime, where LB falls monotonically while vd decreases, and

the force-breaking (FB) regime, where LB is a constant independent of vd . In the SB re-

gion, the stretching rate is comparable to the atomic diffusion speed, and there is sufficient

contact structure relaxation at the banks compensating for the induced strains. The stretch-

ing rate thus plays almost no role in the breakdown of contact, and is mediated solely by

thermal activity. At the other extremity in the FB region, mechanical loading dominates the

breaking mechanism. Stress accumulation effectively lowers the energy barrier for ther-

mally activated contact breakdown. At sufficiently high loading rate, the energy barrier can
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quickly drop to zero, leaving little room for thermal fluctuations to play a significant role.

As a result, contacts tend to break at a specific length. In the intermediate region, spon-

taneous breakdown might occur as contacts rupture at a level of external force at which

thermal dissociation is also viable.

1.1.3.3 Way forward from atomic chains

The fabrication of nanoscale atomic contacts and chains and understanding of their dynam-

ics are the stepping stones toward the actualization of molecular electronics. In contrast to

silicon-based electronics, they have the following advantages:

Size: The reduced size of small molecules mean higher packing density of the devices,

consequently curtailing cost, increasing efficacy and power dissipation.

Speed:While most molecules have low conductivity, well-engineered molecular wires could

decrease the transit time of typical transistors, thereby shortening the time required for op-

erations.

Synthetic customization: By manipulating the geometry and composition, it is possible to

tune a molecule’s binding, transport, optical and structural properties.

Novel functionalities: Unique molecular properties, such as the presence of distinct sta-

ble geometric structures or isomers, could enable new electronic functions that cannot be

achieved with conventional solid-state devices.

1.1.4 MAX compounds

MAX compounds are layered ternary nitrides and carbides with the general formula Mn+1AXn

where M is an early transition metal, A is an A-group element (a subset of group 13–16

elements); X is C or N and n =1,2,3. The possible elements present in reported MAX com-

pounds so far is represented in Figure 1.11. First synthesized by Nowotny et.al[140, 141]

in powder form, Barsoum and El-Raghy[142] finally purified the phase-pure bulk Ti3SiC2

rekindling the interest in this class of compounds. This interest is chiefly rooted in their

unusual and unique properties due to their diverse atomic bonding and structural character-

istics.

1.1.4.1 Crystal structure, atomic bonding and defects

Most MAX unit cells are hexagonal and belong to the space group P63/mmc with two for-

mula units per unit cell. Layers of edge-sharing M6X octahedra are interspersed with layers

of pure A atoms, located at the center of trigonal prisms (Figure 1.11). The value of ’n’

determines the number of M-X layers between two consecutive A-layers. So far, differ-

ent compositions have been discovered that exceed 150 in number. More are being added
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Figure 1.11: Elements from the periodic table present in the reported MAX phases, along
with the crystal structures for the 211, 312, and 413 phases, are also illustrated.

because of theoretical and experimental work. However, not all possible combinations are

stable thermodynamically. For instance, Ti2AlC(n=1) and Ti3AlC2(n=2) belonging to the

Ti-Al-C system are stable over an extended temperature range, but in other systems such as

Cr-Al-C and Ti-Si-C only combinations corresponding to n =1 and 2 are stable,respectively.

At the same time, solid solutions can be prepared by subsitutions on ”M”, ”A” or/and ”X”

sites. However, the immense number of possible permutations limits the definition of com-

positions of stable solid solutions. Curiously,in some cases, solid solutions are found to be

stable, although their parent compositions are not.

Crystal defects remain a constant challenge for any material with scope for practical ap-

plications, as the advancement of materials development inevitably relies on understanding

these defects. For example, a crucial step in utilizing MAX phases as high-temperature

structural materials is to have superior resistance to oxidation and mechanical degradation.

These properties are primarily influenced by A-site vacancies and basal dislocations. MAX

phases have been reported to accommodate various defects. These defects can be classed

as point defects, line defects, planar defects and bulk defects in 0,1,2 and 3 dimensions

respectively. Point defects include vacancies and solid solutions; line defects include dislo-

cation and disclination; and planar defects include stacking faults, grain boundaries, domain

boundaries, and so on. Effect of vacancies on elastic behavior has been explored in this the-

sis. MAX phases like Ti2AlC, Ti3SiC2 and Ta4AlC3 can remarkably support upto 50% A

site vacancies, beyond which the Ti-Al antibonding levels are occupied, diminishing the

bonding between M-X and A layers and undermining structural stability. A site vacancy
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formation energy are of the order of ≈ 2 eV. The vacancy migration energies along the

basal plane are found to be less than 1 eV for Ti-Al-C systems. This exceptional capacity

of Al vacancy formation and migration are crucial in forming protective Al2O3 layers at

high temperature. While the X site vacancy formation energy is comparable to that of A

sites, their migration energies are 3-4 times larger and are found to destabilize the hexag-

onal structure. It is more difficult to migrate C vacancies. For MAX phases where n > 2,

there exists multiple crystallographically non-equivalent X sites with different capacities of

accommodating X vacancies. Structures with ordered C vacancy stabilizes at low temper-

ature. With increasing temperature, vacancies start to become disordered. The incomplete

order-disorder transformation leads to the formation of nanometer-sized domains. Various

electronic, mechanical and deformation characteristics are bound to the extent and structure

of these domains, however such studies are limited. A vacancies are reported to increase

dielectric property, X vacancies can diminish the superconductivity transition temperature

while enhancing electronic conductivity.

The bonding picture in MAX compounds are quite appealing, with a combination of metal-

lic,covalent and ionic bonds. The M and X atoms form strong, directional covalent bonds

by the overlap of p levels of X atoms and d levels of M atoms. The Fermi level, with sub-

stantial density of states, is dominated by M-d/M-d metallic bonds. The M-A bonds are

generally weaker than M-X bonds, and are partly covalent and partly ionic. In the M2AlC

phases, charge is transferred from the A atoms to the X atoms[143].

1.1.4.2 Properties

Many properties are found to be intermediate to those of metals and ceramics. Akin to

their corresponding binary carbides and nitrides, the MAX phases exhibit elastic stiffness,

excellent thermal and electrical conductivity, are resistant to chemical corrosion, and have

relatively low thermal expansion coefficients. Several MAX phases, including Ti3SiC2, ex-

hibit very low thermoelectric or Seebeck coefficients. The optical properties of the MAX

phases are mainly influenced by delocalized electrons. Most of them are Pauli paramag-

nets, with susceptibility being moderate and independent of temperature. Thermally, MAX

phases are good thermal conductors with conductivity ranging between 12-60 W/(m.K) at

room temperature. At high temperatures, the MAX phases undergo peritectic decomposi-

tion rather than congruent melting, forming A-rich liquids and Mn+1Xn carbides or nitrides.

Some MAX phases are resistant to oxidation, making them suitable for practical purposes.

Consequently, they are being considered for high temperature applications because of their

appreciable electrical, mechanical, and high temperature properties. In spite of the sim-

ilarity in physical properties between the MX and MAX phases, they are quite different
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Figure 1.12: Ti3SiC2 samples demonstrate a significant difference in behavior between
coarse-grained (CG) samples (blue loops) and fine-grained (FG) samples (black and red
loops). The small loops represent three different tests conducted at strain rates varying
by an order of magnitude each. Within the resolution of the measurement, all three loops
exhibit identical shape and area. Plot taken from [144].

mechanically. They demonstrate superior damage tolerance compared to other ceramics.

This can be validated by Vickers indentation. Rather than cracking and its propagation,

alternative mechanisms like delamination, grain kinking, and grain pullout are set in the

vicinity of the indentation. They are also not vulnerable to thermal shock. MAX phases

have been tested against different corrosive agents, with positive outcomes. Interestingly,

they are easily machinable, resulting from their thermal shock and damage resistance and

can be machined by electrically owing to their high electrical conductivity.

One of the widely explored areas are the elastic properties of the MAX phases, which

present nonlinear, hysteretic, and elastic behavior that is puculiar for stiff compounds.

Spontaneously reversible hysteretic loops can be seen on cyclic loading (compression or

tension) of the MAX phases. The shapes and sizes of such loops closely relate to the grain

size. Figure 1.12 shows cyclic stress-strain curves for Ti3SiC2 with two different grain

sizes. Although initially it was thought that incipient kink bands(IKBs) - oppositely signed

basal dislocation walls- were responsible for this behavior, certain evidence has been re-
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ported against it. The most critical one is the presence of c-axis strain as evident from

delaminations after nanoindentation - basal dislocations cannot give rise to c-axis strain.

Another strike is the strong dependence of confining pressure on compressive strengths

of the crystals. An alternative explanation of the non-linear behavior has been offered in

literature in terms of ripplocations - atomic scale ripples- and has been explored in this

thesis.

1.1.4.3 Potential applications

Many potential applications have been proposed and tested, including replacing graphite

in high-temperature environments, heating elements, high-temperature foil bearings, gas

burner nozzles, tooling for dry concrete drilling, ignition devices, and electrical contacts.

However, these applications have not yet been commercialized. The only product cur-

rently in use is Cr2AlC pantographs for electric high-speed trains in China, which have

successfully replaced carbon-based alternatives. This lack in commercial application can

be ascribed to certain reasons: lack of high-quality powders on a commercial scale, com-

plexity of the family and long time needed before being accepted for nuclear or aerospace

applications. However, some potential applications are discussed below.

High temperature tolerant structural materials: MAX phases that develop Al2O3 scales

can find application in high temperature environments for extended period of time. Along

with heating elements and gas nozzles, Ti2AlC, Ti3AlC2, and Cr2AlC are promising candi-

dates to replace Ni/Co superalloys in the hottest sections of gas turbine engines, enabling

higher operating temperatures and improved efficiency. Moreover, Ni/Co superalloys are

doped with strategic elements that might be sparse in supply or toxic to environment but

elements such as Ti,Al and C are abundant, non toxic and cheap. MAX phase coatings are

also being explored as protective layers for refractory alloys and as bond coats.

Nuclear purpose: Phases that are characterized by radiation tolerance and oxidation and

corrosion resistance and chemical stability can be considered as potential accident tolerant

fuel (ATF) claddings in third-generation light-water reactors (LWRs) and future fourth-

generation fission plants.

Concentrated solar power: Concentrated Solar Power (CSP) systems generate electricity

from solar energy without producing greenhouse gas emissions and provide the potential

for thermal energy storage. CSP systems use mirrors to focus solar radiation onto a receiver,

where the heat is transferred by a heat transfer fluid (HTF) to a steam turbine, generating

electricity. MAX phases can be implemented in the solar reciever or the storage tank.

The former requires oxidation resistance, low thermal emission in the IR region and good

absorptance in UV-vis-NIR region. MAX phases seem to fit this bill. Moreover, they can
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also serve as the storage tank providing compatibility with moten salts.

Catalysis: MAX phases can function both as catalysts and as catalyst supports. Cr2AlC

powders have been tested as solid catalysts to reduce carbon monoxide formation in cat-

alytic wet peroxide oxidation (CWPO) processes. Additionally, Ti3SiC2, Ti2AlC, and

Ti3AlC2 exhibit outstanding chemoselectivity, achieving 100% selectivity for the hydro-

genation of organic compounds even with low palladium content.

Joining: Joining is a crucial technology for producing large, complex assemblies by care-

fully integrating smaller, simpler parts. This process is especially challenging for ceramic

components. Strong joining can be achieved by solid state difuusion of Ti3SiC2/Ti3SiC2,

Ti3AlC2/Ti3AlC2, and Ti3SiC2/Ti3AlC2.

Electrical contacts: Ti3SiC2 has been suggested as an ohmic contact for 4H-SiC because

of its linear current-voltage characteristics. Additionally, Ti3SiC2 can be easily fabricated

in a single step by sputter-depositing titanium onto SiC substrates. This method offers

the potential to directly synthesize oxygen-barrier capping layers after depositing the main

contact, eliminating exposure to air and preventing oxidation, contamination, or the need for

a cleaning step, thereby enhancing the device’s long-term stability. Additionally, Ti2AlN

has been considered as an ohmic contact for GaN-based devices due to its ohmic behavior.

1.2 Overview of present thesis

This thesis explores different systems with varied properties and applications to address

pertinent open questions assisted by modern tools of machine learning. The contents of

different chapters discussed in this thesis can be summarized as follows:

Chapter 2 : This chapter introduces the theoretical and computational methods used in the

thesis. It covers the machine learning methodology, particularly the different algorithms of

supervised and unsupervised learning used in our work. It also discusses the ab-initio tech-

nique used via Density Functional Theory (DFT), and ab-initio molecular dynamics. Ad-

ditionally, the concepts of classical molecular dynamics and machine-learned interatomic

potentials are introduced.

Chapter 3 : In this chapter, we explore the semiconductor heterostructures using a data-

driven approach. They have immense technological relevance in fabricating solar cells,

LEDs, photovoltaic cells etc. At the interface of such heterostructures, the bulk bandstruc-

tures merge into one another leading to an electronic transition region characterized by

band-edge discontinuities. They can be classified as type I or type II, depending on the

signs of these discontinuities in valence and conduction bands. The prediction and design-
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ing of semiconductor heterostructures of a specific type is a difficult materials science prob-

lem given the numerous combinations possible between different semiconductors. In our

work, we suggest that the type of heterostructure can be accurately predicted based on the

band structures of the constituent semiconductors. Building on this, we establish a machine

learning model for this purpose, using features that describe the constituent semiconduc-

tors, and trained on a known dataset of binary semiconductor heterostructures. Using this,

we theoretically predict the types of 872 previously unknown semiconductor heterostruc-

tures formed from combinations of elemental and binary semiconductors. Interestingly, the

developed scheme also proves to be extendable to heterojunctions involving semiconductor

quantum dots.

Chapter 4: In this chapter, we concentrate on bimetallic nanoclusters, which often feature

a core–shell structure characterized by the enrichment of one metal in the shell over the

other. They are highly significant due to their enhanced catalytic, biomedical, magnetic,

and optical properties. Finding out factors that drive such core-shell segregation between

atoms of different types are pertinent in this context. In our work,we study binary-alloyed

metallic nanoparticles composed of a wide range of alkali, alkaline earth, basic, 3d, 4d, and

5d transition metals, as well as p-block elements, to determine core–shell preferences by

calculating the segregation energies of single-atom alloy clusters using density functional

theory (DFT). Applying machine learning to this extensive database,constructed from fea-

tures characterizing the constituent metals, reveals the primary factors governing core-to-

shell preference. Interestingly, we find the dominant factor varies with metal type. The

analysis further reveals the conditions under whuch nanoparticles tend to favor mixed or

Janus structures over the core-shell configuration.

Chapter 5: This chapter builds on the work presented in the previous chapter. In the pre-

vious work, segregation energies were calculated using single-atom alloys modeled as 55-

atom icosahedral clusters. However, the influence of component concentration and cluster

size on ordering was not investigated. In this chapter, we explore how these factors impact

cluster stability by examining (a) two compositional extremes—one element in excess and

vice versa (b) two cluster sizes: 55 and 147 atoms. We also identify key microscopic prop-

erties that change in tandem with variations in the relative stability of the three structural

motifs across the composition limits. While a machine learning approach would ideally re-

quire a large dataset from high-throughput calculations across diverse structures and com-

positions, such a task is computationally intensive. Therefore, we focus instead on detailed

first-principles calculations for Pd-based binary nanoalloys. These are particularly relevant

as potential alternatives to Pt-based electrocatalysts, which are both scarce and costly. We

then elaborate on the catalysis effect of such nanoclusters.
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Chapter 6: This chapter deals with the analysis of gold-atomic chain formation in mechan-

ically controlled break junction (MCBJ) experiments. Atomic chains formed at cryogenic

temperature in break-junction experiments offer a unique testing ground for different phe-

nomenon of mesoscopic physics. One of the key challenges in such experiments is the

formation of stable monoatomic chains of sufficient length. To address this, we develop a

hybrid machine learning framework that integrates both unsupervised and supervised learn-

ing models, trained on experimentally measured conductance traces, to gain microscopic

insight into the process. Using two independent datasets of conductance–displacement

traces of single-atomic junctions, we first determine the optimal conditions of bias voltage

and stretching rate required to form atomic chains longer than 4 Å. We then apply a deep

learning model to classify individual breaking traces, successfully identifying key trace

features associated with long-chain formation. Ab-initio molecular dynamics simulations

are then conducted, offering a detailed molecular-level understanding of the mechanisms

behind chain formation.

Chapter 7: In this chapter we explore MAX phase compounds, which are layered ternary

carbides or nitrides, exhibit non-linear elastic behavior despite being elastically stiff. Al-

though insights have been given for the micromechanism behind such phenomenon from

the experimental point-of-view, theroetical probing remains a challenge due to the asso-

ciated length and time scales of the phenomena. In the present work, we adopt a data

driven approach to develop a machine learned interatomic potential for the MAX com-

pound Ti2AlC following the moment tensor potential protocol and validated against several

physical properties. Finally, the potential is applied in classical molecular dynamics, pro-

viding a faithful representation of the experimentally observed nonlinear elasticity. We also

find the effects of common defects like Al vacancies in its stress-strain behavior.

Chapter 8: In this chapter, the key findings of our studies are summarized, and potential

directions of expanding on them are discussed.
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Machine learning in bioinformatics. Briefings in bioinformatics, 7(1):86–112, 2006.

[14] Manish Kumar, Deepak Kumar Gupta, and Samayveer Singh. Extreme event

forecasting using machine learning models. In Advances in Communication and

Computational Technology: Select Proceedings of ICACCT 2019, pages 1503–

1514. Springer, 2021.

[15] Iead Rezek, David S Leslie, Steven Reece, Stephen J Roberts, Alex Rogers, Ra-

jdeep K Dash, and Nicholas R Jennings. On similarities between inference in game

theory and machine learning. Journal of Artificial Intelligence Research, 33:259–

283, 2008.

[16] Hai Nguyen, Shinichi Maeda, and Kenta Oono. Semi-supervised learning of hier-

archical representations of molecules using neural message passing. arXiv preprint

arXiv:1711.10168, 2017.

[17] John Maddox. Crystals from first principles. Nature, 335(6187):201–201, 1988.

[18] Artem R Oganov. Modern methods of crystal structure prediction. John Wiley &

Sons, 2011.

[19] Stefan Goedecker. Minima hopping: An efficient search method for the global min-

imum of the potential energy surface of complex molecular systems. The Journal of

chemical physics, 120(21):9911–9917, 2004.

[20] Bouke P Van Eijck and Jan Kroon. Structure predictions allowing more than one

molecule in the asymmetric unit. Acta Crystallographica Section B: Structural

Science, 56(3):535–542, 2000.

[21] Chris J Pickard and RJ Needs. Ab initio random structure searching. Journal of

Physics: Condensed Matter, 23(5):053201, 2011.

[22] Dieter Gottwald, Gerhard Kahl, and Christos N Likos. Predicting equilibrium struc-

tures in freezing processes. The Journal of chemical physics, 122(20), 2005.

34



Bibliography

[23] TS Bush, C Rchard A Catlow, and PD Battle. Evolutionary programming tech-

niques for predicting inorganic crystal structures. Journal of Materials Chemistry,

5(8):1269–1272, 1995.
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2
Methodology

2.1 Introduction

This chapter outlines the methodologies used in this thesis. The specific approaches and

techniques employed are as follows:

• Machine Learning Technique: Different machine learning schemes have been ex-

tensively implemented in the problems addressed in this thesis. In particular, two

broad divisions of ML algorithms have been used, supervised and unsupervised learn-

ing.

• Ab Initio Technique: First-principles density functional theory(DFT) calculations

are performed at T = 0 K and under Born-Oppenheimer approximation to analyze

different properties of the materials studied. Also ab-initio molecular dynamics sim-

ulations are carried out at different finite temperatures.

• Force field and Classical molecular dynamics technique: Classical molecular dy-

namics simulations using ML-generated interatomic potential have been used.

The following sections provide an overview of the methods.

2.2 Machine learning

Within the last few decades, machine learning have pervaded almost every sector of human

lives. For instance, ML is adapted in health and clinical care to assist in drug discovery,

medical diagnosis, record-keeping etc. Similarly, in pharmaceuticals, ML can help in keep-

ing the supply chain intact for life-saving drugs by analyzing demand and supply data. In

farming, ML is employed to classify and assess the quality of harvested grains and enable

46



2.2. Machine learning

automatic adjustment systems for harvesters. ML has also found extensive usage in fraud

detection across the fields of banking, insurance and retail. In the oil and gas sector, ML

can provide data analytics and virtual sensors to detect leak and corrosion detection, geo-

logical feature characterization etc. Recently, ML is being used in the real estate industry

for property evaluation based on economy,location and neighborhood statistics.

Machine learning is gradually making its way into materials science research and discovery.

Unlike most of the above mentioned applications in different fields, the integration of ML

to this field is often challenged by the lack of sufficient quantity of reliable data. Hence, the

entire workflow needs to be designed to circumnavigate this issue.

A machine learning algorithm is known to detect or ”learn” inferences from data. To define

this ’learning’, Mitchell[1] uses a concise definition: ”A computer program is said to learn

from experience E with respect to some class of tasks T and the performance measure

P, if its performance in tasks in T, as measured by P, improves with experience E.” An

assortment of tasks T, experience E and performance measures P are at our disposal to

handle a particular problem.

Machine learning tasks are typically defined by how the learning system should process an

example, also called an instance. An example consists of a set of features that charac-

terize it. An example is represented as a vector x ∈ Rn, where each entry xi of the vector

corresponds to a different feature. There are several types of tasks that can be solved using

machine learning, for eg:

• Classification: In this kind of task, the computer program attempts to determine the

category of given input from the set of categories k. To do that, a learning algorithm

usually generates a function f : Rn → {1, . . . ,k}. When an input, represented as

the vector x, is given, the model assigns it a category, or rather, an index of this

category, such as the numeric code y = f (x). There exist some variations of the

classification task, such as those where f produces a probability distribution over the

possible classes rather than a single categorical label.

• Regression: In regression tasks, the algorithm aims to predict a continuous numerical

value for some supplied inputs. This is performed by defining a function f : Rn →R.

In a sense, this kind of task is akin to a classification task, only the output format is

different.

• Structured output: Structured output tasks refer to any task where the output is a

vector or a more complex data structure containing multiple values, with meaningful

relationships between its elements. This task outputs values that are interlinked and

are a compendious description of the input.
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• Synthesis and sampling: In this type of task, the machine learning algorithm is

tasked with creating new examples that resemble those found in the training data.

This is a kind of structured output task, except that there is no one output that is

uniquely correct for every input. In other words, high output variation is desired in

order to give the appearance of more realism with respect to input samples. This is

implemented in generating synthetic samples,

The learning system performs a quantitative measure of the performance (P) of a machine

learning algorithm for a specific task (T).

For classification, a confusion matrix helps in evaluating the performance. Considering

two classes, positive and negative, the confusion matrix can be written as : 5 Certain per-

Actual \ Predicted Positive (P) Negative (N)
Positive (P) True Positive (TP) False Negative (FN)

Negative (N) False Positive (FP) True Negative (TN)

Table 2.1: Confusion Matrix for Binary Classification

formance measures can be defined using the confusion matrix:

• Accuracy = (T P+T N)
(T P+T N+FP+FN) . It denotes how often the classifier is correct.

• Precision= T P
(T P+FP) . It denotes ratio of positive cases classified correctly to all pre-

dicted positive cases.

• Recall= (T P)
(T P+FN) . It denotes the ratio of correctly classified positive cases to all posi-

tive cases.

• F1-score= 2 * (Precision∗Recall)
(Precision+Recall) . This denotes the harmonic mean of precision and

recall - often a better indicator for a classifier’s fidelity.

For regression tasks, some commonly used measures are :

• Root mean squared error(RMSE)=
√

1
N ∑

N
i=1(yi − ŷi)2

• Mean absolute error(MAE)= 1
N ∑

n
i=1 |yi − ŷi|

where ŷ and y are predicted and actual values. N is the total number of instances.

• Coefficient of determination, R2 = 1 - ∑
n
i=1(yi−ŷi)

2

∑
n
i=1(yi−ȳ)2

where ȳ is the mean of actual values.

However, the training and evaluation on the same data is methodologically wrong, since

in that case the model ’memorizes’ the labels of the training samples to produce perfect
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scores but fail to make meaningful predictions on new, unseen data. This is called over-

fitting. Hence, it should be assessed against data not used during training to obtain an

impartial evaluation of its capacity. The original data set is divided into a training set and

a test set. With regard to the tuning of various settings, so-called hyperparameters of the

algorithm, there is still a risk of overfitting to the test set. In striving for best performance

on the test data, these hyperparameters can be selected in such a way that the model learns

about the test set. Evaluation metrics may then no longer reflect the true ability of the model

to generalize to new data. A still better approach is to split the data into three segments:

a training set for training the model, a validation set to evaluate the model and tweak its

parameters iteratively, and the test set to get the error metrics of the final model. How-

ever, dividing the available data into three sets significantly reduces the number of samples

available for training the model. Additionally, the results may vary depending on the spe-

cific random selection of the training and validation sets. Alternatively, a procedure called

cross-validation(CV) can be used, where a separate validation set is not necessary. In the

standard approach known as k-fold CV, the training data is divided into k smaller subsets.

For each of the folds, the process follows these steps:

• A model is trained using k-1 of the folds as training data.

• The trained model is then evaluated on the remaining fold, using an appropriate per-

formance metric.

The final performance measure from k-fold cross-validation is obtained by averaging the

results across all folds. This workflow has been schematically shown in Figure 2.1.

Figure 2.1: The cross-validation workflow for estimating model performance.
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Machine learning algorithms can broadly be classified as either unsupervised or super-
vised or reinforcement learning depending on the experience they have during the learn-

ing process.

Supervised learning algorithms work with datasets that contain features, where each data

point is paired with a corresponding label or target. There are two main types of super-

vised learning : Regression and classification. Unsupervised learning algorithms analyze

datasets with multiple features to uncover meaningful patterns and structural properties

within the data, but there is no label or target associated with each data point. Unsupervised

learning algorithms serve purposes such as clustering, which groups similar data points into

distinct clusters, or association rule learning which is used to identify interesting relation-

ships or patterns between variables in large datasets, or dimensionality reduction where the

number of features in a dataset are reduced while preserving crucial information contained

in it. There is another variant called semi-supervised learning which is an overlap of the

former two. It utilizes a limited amount of labeled data and a comparatively larger amount

of unlabeled data. In reinforcement learning algorithms, a fixed dataset is not processed.

Rather, they interact with an environment, establishing a feedback loop between the learn-

ing system and its experiences. An agent or learner is trained to accomplish a goal in an

unknown complex environment by taking actions and receiving feedback in the form of

rewards or penalties.

The different types of machine learning algorithms, their tasks and some examples of spe-

cific models are shown in Figure 2.2.

Figure 2.2: Types of machine learning algorithm.

In this thesis, the supervised and unsupervised learning schemes have been implemented.
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2.2.1 Supervised Learning

Supervised learning schemes have been widely utilized in materials science research in

various directions, some examples of which are given below.

Schmidt et al.[2] constructed a dataset of approximately 250,000 cubic perovskites, using

all elements up to bismuth while excluding noble gases and lanthanides. After evaluating

various machine learning techniques, they found that extremely randomized trees combined

with adaptive boosting yielded the best performance, achieving a mean average error of 0.12

eV per atom.Li et al.[3] applied various regression and classification methods to a dataset

of approximately 2,150 A1−xA′
xB1−yB′

yO3 perovskites, which are potential cathode materi-

als for high-temperature solid oxide fuel cells. Elemental properties were used as features,

and extremely randomized trees emerged as the most effective classifier. Zheng et al.[4]

utilized convolutional neural networks and transfer learning to predict the stability of full-

Heusler compounds with the formula AB2C. Oliynyk et al.[5] utilized random forests (RFs)

and experimental data to develop a model for predicting the likelihood of forming full-

Heusler compounds with a given composition. By using fundamental elemental properties

as features, they successfully identified and experimentally confirmed the stability of sev-

eral new full-Heusler phases. Balachandran et al.[6] analyzed a dataset of 60,000 potential

xBiMe’yMe”1−yO3–(1–x)PbTiO3 perovskites using various machine learning techniques.

Support vector machines (SVMs) were first employed to classify materials as perovskites

or non-perovskites, followed by a prediction of the Curie temperature for those identified

as perovskites. When a promising candidate was experimentally synthesized, it was added

to the training set, and the process was repeated. Out of the ten synthesized compounds, six

were confirmed as perovskites. Park et al.[7] used a deep convolutional network that took

x-ray diffraction pattern as input and gave output as space group, extinction group, or crys-

tal system. Nouira et al.[8] used a Generative Adversarial Network (GAN) based approach

to use binary hydrides to generate novel stable ternary compounds. Zhuo et al.[9] aimed to

overcome the challenges posed by different theoretical methods by directly predicting ex-

perimental band gaps. Their approach began with classifying materials as either metals or

non-metals using support vector machine (SVM) classifiers, followed by band gap predic-

tion using SVM regressors. Weston et al.[10] studied the band gaps of kesterite compounds

and developed a logistic regression classifier to predict whether the band gaps were direct

or indirect. De Jong et al.[11] used a supervised technique to predict the Voigt–Reuss–Hill

averages of bulk and shear modulus based on elemental properties. Furmanchuk et al.[12]

used Random Forest to predict bulk modulus, trained on a database ranging from unitary to

combinations of 62 elements. Mansouri et al.[13] combined elemental and structural prop-

erties as descriptors and employed support vector regressors (SVRs) to screen a chemical
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space of approximately 120,000 materials for superhard, incompressible materials. This

effort led to the successful synthesis and characterization of two new candidates. Rupp

et al.[14] aimed to rapidly predict accurate molecular atomization energies. The machine

learning model employed kernel ridge regression (KRR) with Gaussian kernels. It was

trained and tested on a dataset of over 7,000 organic molecules containing up to seven

atoms. The atomization energies used for training and testing were calculated using density

functional theory (DFT).

In this thesis, Random Forest algorithm, which is a conglomeration of several decision

trees, and Least Absolute Shrinkage and Selection Operator regression(LASSO) have been

used for the purpose of supervised learning.

2.2.1.1 Decision tree and Random Forest

Decision tree[15] is a non-parametric supervised learning technique used in classification

and regression. The aim of these models is to establish simple decision rules inferred

from the input feature space to predict target variables. A decision tree can be seen as

a directional series of nodes, starting at a root node and diverging into sub-nodes called

decision nodes that are further split until reaching leaf nodes(c.f Figure 2.3).

When provided with training vectors xi ∈ Rn, i=1,. . . ,l, and a label vector y ∈ Rl , the

feature space is recursively divided to group samples that share the same labels or have

similar target values. Let the data with nm samples at a node m of the tree is represented by

Qm. For each candidate split θ= (j,tm) with feature j and a threshold tm, the data Qm can be

partitioned into two subsets Qle f t
m (θ ) and Qright

m (θ ) where :

Qle f t
m (θ) = (x,y)|x j ≤ tm

Qright
m (θ) = Qm\Qle f t

m (θ)
(2.2.1)

A loss(or impurity) function H() is assigned to measure the quality of a split, the choice of

which depends on the nature of the problem at hand, for e.g, regression or classification.

The goal of splitting is to minimize impurity. The quality of a candidate split is computed

as a weighted sum of the impurity of the left and right subsets:

G(Qm,θ) =
nleft

m
nm

H(Qleft
m (θ))+

nright
m

nm
H(Qright

m (θ)) (2.2.2)

This loss function is minimized to find the optimal parameter set

θ
∗ = argminθ G(Qm,θ) (2.2.3)

52



2.2. Machine learning

The left and right subsets are recursively split until certain stopping criterion are satisfied

: the maximum allowed depth of the tree is reached, the number of samples at a node nm

becomes smaller than a predefined minimum minsamples or a node contains only 1 sample

(nm=1).

Figure 2.3: Structure of a Decision Tree.

Common measures of impurity for classification tasks include the following.

Gini index[16] :

H(Qm) = ∑
k

pmk(1− pmk) (2.2.4)

Log Loss[17] or Entropy:

H(Qm) =−∑
k

pmklog(pmk) (2.2.5)

where pmk gives the proportion of data in node m that belong to class k, i.e, pmk = 1
nm

∑y∈QmI(y=k).

When the task is regression, criteria commonly used are Mean Squared Error or Mean

Absolute Error.
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Mean Squared Error :

ȳm =
1

nm
∑

y∈Qm

y

H(Qm) =
1

nm
∑

y∈Qm

(y− ȳm)
2

(2.2.6)

Mean Absolute Error:
median(y)m = mediany∈Qm(y)

H(Qm) =
1

nm
∑

y∈Qm

(y−median(y)m)
(2.2.7)

There are a few approaches in implementing the decision tree algorithm, differing in their

measure of impurity, data handling, pruning etc. In Random Tree[18], the tree is built by

considering a fixed number of random attributes at each node. C4.5[19](also called J48[18]

in certain implementations) allows continuous attributes and uses gain ratio as a measure

to lower the bias towards features with multiple values. It performs two types of pruning:

subtree replacement, where internal nodes are replaced with leaf nodes, and subtree raising,

where nodes are moved upward toward the root, replacing other nodes in the process. In

the REP Tree[20] implementation, reduced-error pruning is implemented. It removes part

of the tree that do not improve accuracy by evaluating performance on a validation set.

Random forest[21] is an ensemble method that combine predictions of several base esti-

mators, viz, decision trees, with randomness introduced in every estimator. This offers

a robustness over a single estimator. The ensemble’s prediction is obtained by averag-

ing the predictions of the individual estimators(c.f. Figure 2.4). Each tree is built from a

bootstrapped sample (sample drawn with replacement) from the training set. Additionally,

during the splitting of nodes in a tree, the best split is determined by exhaustively searching

the feature values, either across all input features or a random subset of size max features.

The purpose of these two sources of randomness is to reduce the variance of the forest es-

timator. Individual decision trees often have high variance and are prone to overfitting. By

introducing randomness, the resulting decision trees exhibit prediction errors that are some-

what independent. Averaging these predictions allows some errors to cancel out. Random

forests effectively reduce variance by combining diverse trees, though this may slightly in-

crease bias. In practice, the reduction in variance is usually significant, leading to an overall

improved model. Random forests effectively reduce variance by combining diverse trees,

though this may slightly increase bias. In practice, the reduction in variance is usually

significant, leading to an overall improved model.

The parameters of the Random Forest estimator are:

1. The structure for each decision tree, including features used for each node split and
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their respective thresholds based on impurity measures.

2. The final output value for each leaf node (e.g., mean value for regression or majority

class for classification).

The main hyper-parameters in a Random Forest estimator are the number of the base esti-

mators(n estimators) and max features. The former indicates the number of trees in the

forest and the results stop getting better beyond a critical value. The latter is the size of the

random subsets of features used in deciding the split in a node. The lower its value, more

the variance is reduced, but the bias increases as well. The other hyper-parameters include:

1. max depth: The maximum allowed depth of each tree.

2. min samples split: Minimum number of samples required to split an internal node.

3. min samples leaf: An internal node would be split only if it projects this number of

samples to both the left and right branches.

4. min impurity decrease: A node will be split if the resulting split reduces impurity

by an amount greater than or equal to this specified value.

5. max leaf nodes: Grow trees with this specified number of leaf nodes using a best-

first approach, where the best nodes are determined by the relative reduction in im-

purity.

Figure 2.4: Schematic representation of a Random Forest.

A combination of setting max depth to no particular limit and min samples split to ’2’

grows a fully developed tree. However, the best set of hyper-parameters are to be optimized
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by searching the corresponding hyper-parameter space tactfully.

Random forests allow an unique unbiased estimation of their error without cross-validation

or a separate test set, called the out-of-bag(oob)[22] error estimation. This estimate is

calculated internally during training as follows:

Each tree is built using a different bootstrap sample from the original dataset. Approxi-

mately one-third of the data is left out of the bootstrap sample and is not used in construct-

ing the k-th tree. These left-out samples are called out-of-bag (OOB) samples. For each

tree, the OOB samples are passed through the k-th tree to obtain predictions. In this way,

each data point is classified by the subset of trees where it was not included in the training

data.

After all trees have been constructed, the final prediction for each data point is determined

based on the OOB predictions:

• For classification: The predicted class is the one that receives the majority vote from

the OOB predictions.

• For regression : The predicted value is the average of the OOB predictions.

The OOB error is then computed as:

• For classification: The proportion of data points where the predicted class differs

from the true class, averaged over all data points.

• For regression: The mean squared error (or other chosen error metric) between the

predicted and actual values, averaged over all data points.

Random forest can assign ’importance’ to the features passed through it. For a given fea-

ture, it is calculated as the total decrease in impurity value in each node that splits based

on it, weighted by the probability of reaching that node. The probability is approximated

by the proportion of samples reaching that node. The mean and standard deviation of these

values calculated over all the trees in the ensemble determine the feature’s importance.

The original publication by Breiman et.al[21] elaborated two ways by which random forest

can replace missing values by imputation during training. In the first approach the following

steps are taken:

• For numerical variables: The median of all non-missing values of the feature within

a class is computed and used to replace the missing values for that feature in that class.

• For categorical variables: The most frequent non-missing value of the feature within

a class is used as the replacement for all missing values in that feature for that class.
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A second more sophisticated, albeit computationally expensive, approach, called proximity-

weighted imputation[23], can be used to handle missing values using the concept of prox-

imity between data points. During the training of a random forest, the proximity matrix is

calculated, the elements of which are the proximity between two samples i and j. Proximity

is defined as the fraction of trees in the forest where both samples land at the same terminal

(leaf) node.

Proximity(i,j) =
Number of trees where i and j share the same leaf

Total trees
(2.2.8)

Initially, the missing values are replaced roughly with the feature’s median(most frequent

category) for numerical(categorical) features and a run is done to compute the proximity

matrix. A missing numerical feature value for the i-th sample is estimated as the weighted

average of the feature values from other samples, where the weights are derived from the

proximities:

Imputed Value =
∑j∈non-missing Proximity(i,j)×Feature Value(j)

∑j∈non-missing Proximity(i,j)
(2.2.9)

For categorical values, the imputed category is the one with highest proximity weighted

frequency. This iteration is continued until the imputed values stabilize,i.e, little to no

change between iterations.

In the scikit-learn[24] implementation of random forest, as adapted in this thesis, missing

data is handled at the decision tree level without data imputation. Here, missing values

are handled dynamically during training and prediction using a strategy that evaluates all

potential placements of missing values. During training, for a feature with missing value,

the algorithm evaluates all possible splits using the non-missing data into two nodes. For

each such potential split, the algorithm evaluates the impact of assigning all missing values

to the left node or to the right node. The split that minimizes the impurity is chosen. This

ensures that the missing values are directed to the child node that leads to the best split.

If the impurity reduction is the same when assigning missing values to either node, the

algorithm breaks the tie by assigning missing values to the right node. Moreover, the effect

of assigning all missing value samples to one child node and the rest to the other node is

investigated.

When predicting with a sample that contains missing values, the tree follows the decision

path learned during training. Missing values are directed to the child node (left or right)

based on the decision made for that feature during training. Similarly, if the impurity crite-

rion was the same for both nodes during training, the missing value is assigned to the right
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node by default during prediction.

2.2.1.2 Least Absolute Shrinkage and Selection Operator (LASSO)

The LASSO algorithm applies a shrinkage technique to ordinary linear regression by in-

corporating L1 regularization, which penalizes the absolute values of the coefficients. This

penalty can drive some coefficients to zero, effectively eliminating the corresponding fea-

tures from the model. The objective of the algorithm is to minimize the following function:

n

∑
i=1

(yi −∑
j

xi jβ j)
2 +λ

p

∑
j=1

|β j| (2.2.10)

where λ decides the strength of regularization and p is the number of features and n is

the number of datapoints. The first term is the residual sum of squares in least squares

regression. The second term adds L1 regularization. When λ is large, LASSO forces some

β j to become exactly zero, effectively selecting important features while removing others.

When λ is set to exactly zero, the problem reduces to a standard linear regression.

In this thesis, LASSO has been implemented through scikit-learn[24].

2.2.1.3 Class-imbalanced learning

Most classification algorithms assume balanced class distributions, but in practice, datasets

often exhibit skewed distributions— referred to as imbalanced classification problems. The

instances of one type or class are in excess than the other. In these cases,the cost of wrongly

classifying a minority class is higher than that of a majority class.

In cost-sensitive learning, rather than simply labeling instances as correctly or incorrectly

classified, each class is assigned a specific misclassification cost through a cost matrix. As

a result, the objective shifts from maximizing overall accuracy to minimizing the total cost

incurred from misclassifications. Considering, for example, a binary classification problem

- a 2×2 cost matrix can be defined that quantifies a cost for each element in its confusion

matrix. Each element C(i,j) of the cost matrix represents the cost of predicting class i when

the true class is j.

Y0 Y1
Ŷ0 c00 c01
Ŷ1 c10 c11

Here ’.̂’ represents predicted class. Correct classifications have no cost, i.e, c00=c11=0. The

misclassification error can be achieved by multiplying each element of the confusion matrix
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with its corresponding value in the cost matrix.

Cost =
T N ∗ c00 +FN ∗ c01 +FP∗ c10 +T P∗ c11

N
=

FN ∗ c01 +FP∗ c10

N

Here, the minority(majority) class is considered positive(negative), denoted by subscript

1(0).

However, setting the elements of a cost matrix is a non-trivial task. One popular heuristic

is to use the imbalance ratio(IR), which is the ratio of the cardinality(number of instances)

of the majority and minority class subsets. Thus, the cost matrix of the binary classification

problem becomes:

Y0 Y1
Ŷ0 0 1
Ŷ1 IR 0

Another route to handle the class imbalance problem is by synthetically oversampling the

minority class. Synthetic Minority Oversampling Technique(SMOTE) is a technique to

generate artificial data to balance an imbalanced dataset with discrete classes. In this, the

minority class(class lesser representations in the dataset) is oversampled. In a machine

learning dataset, each data point is represented by an n-dimensional feature vector. The

SMOTE (Synthetic Minority Over-sampling Technique) method generates synthetic data

points for the minority class by considering the difference between a given minority class

data point’s feature vector and those of its k nearest minority class neighbors in feature

space. A new synthetic data point is then created by multiplying this difference by a random

number between 0 and 1 and adding the result to the original feature vector. This is shown

schematically in Figure 2.5.

In this thesis, SMOTE has been implemented through the imbalanced-learn[25] library.

2.2.2 Unsupervised Learning

Unsupervised learning has found application in materials science research in several in-

stances. Kitaraha and Holm [26] aimed at clustering steel defects by defect type or frac-

ture surface reorientation, using unsupervised deep learning. An unsupervised learning

technique, called the non-negative matrix factorization(NMF), has been successfully im-

plemented in generating pertinent XRD spectra out of sets of diffraction patterns[27]. Un-

supervised learning has shown exciting results in phase diagram determination. Clustering

algorithms have helped to differentiate between spectra and group spectra. In reference

[28], the ’distances’ among the sampled spectra of Fe-Ga-Pd ternary have been calculated
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Figure 2.5: Synthetic data generation using the SMOTE algorithm.

using a distance matrix(where each entry di j is the distance in 2θ space between two spec-

tra i and j) and represented in a three-dimensional space using metric multidimensional

data scaling (MMDS)[29]. Unsupervised learning has been used in automated micrograph

analysis. In [30], the spatial arrangements of the microstructure in α-Ti have been visually

represented using the first two or three principle components derived from the analysis of

the principal components of the representations of N-point statistics of the same. In the

work by Cohn et.al.[31], the construction, use, and evaluation of a high-performance un-

supervised machine learning system for classifying images in a microstructural dataset are

demonstrated. Feature representations for each micrograph are extracted using a convolu-

tional neural network, which has been pre-trained on a dataset of natural images. Principal

component analysis is then applied to extract signal from the feature descriptors, followed

by k-means clustering to classify the images without requiring labeled training data. An

accuracy of 99.4% ± 0.16% is achieved, and the resulting model can be used to classify

new images without retraining. Samudrala et.al [32]have used low-dimensional data ex-

traction techniques like PCA and isomaps on a dataset of Apatite, where each datapoint is

characterized by 29 structural descriptors. While associations between similar compounds

are found in both the techniques, the nature of the representation has been found to be dif-

ferent since PCA is a linear technique while isomap is a non-linear one. An autoencoder

technique has been used for the analysis and design of electromagnetic nanostructures[33].

PCA has again been utilized in dimensionality reduction of the multidimensional param-

eter space that affect mechanical behavior of nanoporous materials[34]. These outputs

are used for further analysis in this study, making them more accessible against computa-
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tional limits. In another work,a denoising autoencoder has been used for uniforming the

input dimensionality, as it can vary depending on the number of elements in the sampled

material[35]. Both conventional clustering algorithms such as K-means, Gaussian mix-

tures and neural network based algorithms such as self-organizing maps have been used to

cluster superconductivity data by Roter et al.[36]. In [37], an unsupervised algorithm used

to embed high-dimenisonal data to a low dimensional space,t-SNE, has been applied to a

multi-dimensional feature space derived out of bandstructures of several materials. This

successfully clustered materials with similar dispersion curves. In the work by Walker

et.al.[38], structural changes are identified using unsupervised machine learning methods,

with the melting point transition in classical molecular dynamics simulations serving as an

example application of the approach. The dimensionality of the feature space across the

samples is significantly reduced through principal component analysis. Following this, the

samples are partitioned into solid and liquid phases using k-means clustering, based on a

criterion derived from the geometry of the reduced feature space, enabling the estimation

of the melting point transition. In [39], iterative Label Spreading (ILS), an unsupervised

machine learning approach, has been applied to classify different types of Al alloys using

a curated dataset of 1,154 Al alloys. Through ILS, eight distinct classes of Al alloys have

been identified based on a comprehensive feature set under two descriptors. To validate

the classification, a decision tree classifier has been employed. Iwasawa et.al.[40] have

used a combination of K-means and fuzzy c-means clustering techniques on ARPES data

to categorize them. This has enabled them in identifying spatial inhomogenity on electronic

structures. Zhang et. al.[41] have used an unsupervised natural language processing(NLP)

scheme to extract information about solar cells from textual data. The predicted materials

are validated by first-principles calculations to establish the efficacy of the NLP-assisted

machine learning model. Kalinin et.al[42] have employed a variational autoencoder based

unsupervised learning scheme to derive chemical transformation pathways from Scanning

Transmission Electron Microscopy (STEM) data. Zhang et.al.[43] have used unsupervised

learning in accelerating the discovery of viable solid electrolytes for Li-batteries. Since,

amount of good quality data is scarce, they have implemented a workflow to cluster can-

didates by their ionic conductivity for all Li-containing compounds in ICSD dataset. The

compounds with higher conductivities are further investigated through detailed calcula-

tions. Luo et.al.[44] have adopted unsupervised learning to classify experimentally known

inorganic crystal structure in terms of local atomic environments, by using a hierarchical

clustering algorithm.

In this thesis, an autoencoder, built using artificial neural network, is used for dimensional-

ity reduction and Principle Component Analysis(PCA) to visualize them , and a K-means

clustering algorithm for clustering. The details of these techniques are given in the next
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sections.

2.2.2.1 Principle Component Analysis(PCA)

PCA is one of the conventional methods of dimensionality reduction and higher-dimensional

data visualization. It recognizes a linear subspace that (i) maximizes the variance of the or-

thogonal projections of the data and (ii) minimizes the mean squared distance between the

original data points and their projections. This subspace serves as the optimal linear repre-

sentation of the dataset.

To determine the linear subspace, the data is first normalized by subtracting the mean from

each M-dimensional variable, forming the normalized data matrix Y , where the ith row

of Y corresponds to xi − x̄. Next, the covariance matrix S = Y TY is computed, and its

eigenvectors ui and corresponding eigenvalues λi are determined:

Sui = λiui (2.2.11)

The PCA subspace of dimension D is constructed by selecting the D eigenvectors with

the highest eigenvalues. These eigenvectors, known as principal components, represent the

directions of maximum variance in the data. The corresponding eigenvalues indicate the

amount of variance captured along each principal component. The D principal components

define a subspace within the original data space, where they serve as an orthogonal basis.

By projecting the data vectors onto this basis, a lower-dimensional representation of the

data with dimension D is obtained:

yPCA,i = yT ui (2.2.12)

where y=x-x̄. The original data can be reconstructed by summing the contributions from

each principal component, effectively combining the projected components to approximate

the original dataset:

x ≈
D

∑
i=1

(yT ui)ui +
D

∑
i=1

(x̄T ui)ui (2.2.13)

If the summation in Equation 2.2.13 includes all principal components, the original data x

is perfectly reconstructed. However, if the components with the smallest eigenvalues are

excluded, the result becomes an approximation of x. This technique is often used to reduce

noise in a dataset.

By selecting only the first two or three principal components (setting D to 2 or 3), PCA can
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Figure 2.6: Schematic representation of the first two principal components, PC1 and PC2.

be used to visualize high-dimensional data in a lower-dimensional space, making patterns

and structures easier to interpret. This is shown schematically in Figure 2.6.

In this thesis, PCA has been implemented through scikit-learn[24].

2.2.2.2 Artificial Neural Network

Artificial Neural Network(ANN) is a machine learning model that aims to mimic the com-

plex connectivity of neurons in our brains. ANNs are fundamental to Deep Learning. They

are versatile, powerful, and scalable, making them well-suited for handling large-scale and

highly complex machine learning tasks. The concept of ANN had been first explored in the

1940s, in the seminal paper by Warren McCulloch and Walter Pitts[45] in which they had

proposed a simplified computational model illustrating how biological neurons in animal

brains could work together to perform complex computations based on propositional logic.

Since then, many different architectures have been invented.

Before proceeding to an artificial neuron, the building block of the artificial neural net-

works, it would be advantageous to draw its parallel with biological neurons(shown in

Figure 2.7(A)) and justify the nomenclature. It consists of a cell body that consists of

the nucleus and most of the cell’s complex components, a single, long extension known

as the axon and multiple branching extensions called dendrites. Toward its end, the axon

branches into multiple extensions called telodendria, each terminating in tiny structures

known as synaptic terminals (or synapses). These synapses connect to the dendrites or cell

bodies of other neurons. A Biological neurons generate brief electrical impulses, known as

action potentials (APs or signals), which travel along their axons and trigger the release of
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chemical signals called neurotransmitters in synapses. If a neuron receives enough of these

neurotransmitters within a short time frame, it generates its own electrical impulses. These

biological neurons are spread over a billion-plus network, with each neuron interconnected

with several thousands of other neurons.

Figure 2.7: (A) A biological neuron. (B) Architecture of a simple perceptron.

The concept of an artificial neuron, called the perceptron(shown in Figure 2.7(B)), was

introduced by Frank Rosenblatt[46]. In this rudimentary version of the perceptron, it

could take several inputs(xis) with each input associated with a weight(wis), compute the

weighted sum(z =∑nwixi = xT w) and output the result after applying a step function to it :

yw(z)=step(z).

The step functions conventionally used are the Heaviside function or the sign function.

heaviside(z) =

0 if z < 0,

1 if z ≥ 0
sgn(z) =


−1 if z < 0,

0 if z = 0,

+1 if z > 0

(2.2.14)

However, for all practical purposes, a logistic(sigmoid) function is used :

σ(z) =
1

1+ exp(−z)
(2.2.15)

In addition to sigmoid activation function, there are other activation functions such as(c.f

Figure 2.8) :

Hyperbolic tangent(tanh(z))=2σ (2z)-1: While this function bears the same S-

shape and are continuous and differentiable as the sigmoid function, the output range is

64



2.2. Machine learning

Figure 2.8: Activation functions and their derivatives, adapted from [47]

[-1,1]. This aligns the output of each layer about 0 at the beginning of training, helping to

accelerate the convergence.

The Rectified Linear Unit function(ReLU(z) = max(0, z)): This function

is globally continuous but not differentiable at z=0. In practice, however, this is fast to

compute and widely implemented, due to its bypassing of the vanishing/explosive gradient

problem as observed in previously mentioned functions.

Softmax: The softmax function is frequently used in the output layer for classification

tasks using a neural network model. It transforms the output into a probability distribution

by inputting raw scores from its previous layer. The mathematical form for the output of

the i-th neuron in the output layer is ezi

∑
K
j=1 ez j , where the denominator represents the sum over

all the neurons in the layer.

A network of such perceptrons arranged in multiple layers, called the multilayer perceptron

(MLP)[48], can be implemented in the handling of complex tasks. In this architecture, a

layer of neurons connected to all neurons of its previous layer, constitutes a fully connected

layer or a dense layer. The inputs to the network are generally passed through specialized

neurons known as input neurons, which simply output the values they receive. Together,

these input neurons make up the input layer. Beyond this layer, there are one or more layers

called the hidden layers, and a final output layer. Additionally, a bias feature is usually

included in every layer (except the output layer) that is fully connected to the next layer.

Since the direction of signal flow is from the inputs to the outputs, this architecture is also

called the feed-forward neural network.

yW,b(X) = φ(XW+b) (2.2.16)

X is the input matrix, with each row denoting an instance and each column denoting a
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feature. The weight matrix W contains all the connection weights (except bias neuron)

for every layer. It contains rows corresponding to the number of neurons in the layer and

columns as the number of connections from the previous layer. The bias vector b enlists the

connections between the bias neuron and other artificial neurons, with one bias term each.

The function φ is the activation function, for e.g., step function in the previous section. An

architecture comprising of stack of hidden layers is called a deep neural network(DNN).

For training of a neural network, the weights and biases have to be determined such that

the network fairly approximates the target output for all the training instances. This is

quantified in terms of a cost function( loss function or objective function):

C(W,b) =
1
2n ∑

x
∥y(x)-a∥2 (2.2.17)

Here n is the number of datapoints used for training, a is the vector of outputs when x is the

input and y(x) is the target output vector. The aim for the training is to essentially make the

cost C as small as possible by tweaking the weights and biases. This can be achieved by

the principle of gradient descent[49]. Gradient descent is an algorithm to minimize a loss

function J(θ1,...,θm) by iteratively adjusting the parameters θ in the direction of negative

gradient. The change ∆J of the cost function for change in the parameters θ , represented

by the vector ∆θ =(∆θ1,..,∆θm), can be written as:

∆J ≈ ∇J.∆θ , (2.2.18)

where ∇ J is the vector of the gradients of function J:

∇J = (
∂J
∂θ1

, ..,
∂J

∂θm
)T (2.2.19)

The Cauchy-Schwarz inequality states :

⟨∇J∆θ⟩ ≤ ∥∇J∥∥∆θ∥ (2.2.20)

The equality holds when ∆θ and ∇J are in the same direction. Therefore, to maximize the

magnitude of ∇J.∆θ (and minimize ∆J), ∆θ is set to -η∇J, where η is a small, positive

parameter called the learning rate. It can then be guaranteed that J will always decrease,i.e,

∆J ≤ 0 since ∆J ≈ −η∥∇J∥2 and ∥∇J∥2 ≥ 0. Thus, by following the gradient in the step

lengths as dictated by the parameter η , a minimum can be reached by iterating the rule :

θ → θ
′ = θ −η∇J (2.2.21)
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By this formulation, the gradient descent update rules for the weights wk and bl are:

wk → w
′
k = wk −η

∂C
∂wk

(2.2.22)

bl → b
′
l = bl −η

∂C
∂bl

(2.2.23)

For practical purposes where the number of training datapoints are large, the calculation of

∇C entails the calculation of ∇Cx for every training point and averaging them, which can

slow down the learning process. Stochastic gradient descent is implemented in handling

this issue. A sufficient number p of training points(X1,...,Xp) are picked randomly, referred

to as mini-batch. The average value of the ∆CX j is used to approximate the average over all

the points ,i.e,

∑
p
j=1 ∇CX j

p
≈ ∑x ∇Cx

n
= ∇C (2.2.24)

The second sum is calculated over the entire training set. This modifies equations 2.2.22

and 2.2.23 to :

wk → w
′
k = wk −

η

p ∑
j

∂CX j

∂wk
(2.2.25)

bl → b
′
l = bl −

η

p ∑
j

∂CX j

∂bl
(2.2.26)

The summations are over all the points in the current mini-batch. Then further batches are

considered to train the network until all the training inputs are exhausted. This completes

one epoch of training.

The crucial part of the training procedure is the calculation of the gradients. The backprop-

agation [50] training algorithm is a groundbreaking achievement in this regard. It calculates

the gradients of the network’s error with respect to every parameter(weights and biases) by

two simple passes over the network, one forward and one backward. Every mini-batch is

put through the network’s input layer and subsequently to the first hidden layer. For every

instance, output of every neuron is computed for the present layer and passed on to the next

layer, and so on. The forward pass is concluded on reaching the output layer and retaining

the intermediate results of each hidden layer. Then, the network’s output error is calculated

in terms of some loss function and how much each of the output connections contributed

to it(using chain rule). The algorithm subsequently determines the proportion of each er-

ror contribution that originates from the connections in the layer below, applying the chain
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rule as it works backwards until it reaches the input layer. This backward pass effectively

calculates the error gradient for all connection weights in the network by propagating the

error gradient backward through the network, which is why the algorithm is named as such.

Finally, the gradient descent algorithm is called into action to refine the model parameters

using the calculated error gradients. The mathematical formulation of the backpropagation

algorithm is discussed below.

The weight of the connection between jth neuron in lth layer and kth neuron in (l-1)th layer

is represented by wl
jk. bl

j denotes the bias of the jth neuron of the lth layer and al
j is

the activation of the jth neuron of the lth layer. Using these notations(c.f Figure 2.9 for an

example of the notations), the activation al
j of the jth neuron in the lth layer is connected to

the activations in the (l-1)th layer by the following equation:

Figure 2.9: Schematic of a multilayer perceptron and examples of notations used. b2
3 is the

bias of the 3rd neuron in the 2nd layer. a3
1 is the output of the 1st neuron of the third layer.

w3
24 is the weight from the 4th neuron in the (3-1=)2nd layer to the 2nd neuron in 3rd layer.

al
j = σ(∑

k
wl

jkal−1
k +bl

j) (2.2.27)

The summation is over all neurons k in the (l-1)th layer. This equation can be rewritten
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using a matrix notation by introducing a weight matrix wl for layer l, recording weights

connecting to the lth layer of the network ( value in jth row and lthcolumn is wl
jk). Similarly

a bias vector bl(elements are bl
j) and activation vector al(elements are al

j) for every layer

l is introduced. The equation 2.2.27 can then be rewritten in a vectorized form as :

al = σ(wlal−1 +bl) = σ(zl) (2.2.28)

where zl=(wlal−1+bl) is the weighted input to layer l.

Backpropagation aims at obtaining the partial derivatives ∂C
∂wl

jk
and ∂C

∂bl
j
. In this derivation,

an intermediate term δ l
j is computed, which is the error in lth layer’s jth neuron. This is

given by :

δ
l
j =

∂C
∂zl

j
(2.2.29)

There are four fundamental equations that guide the backpropagation process.

BP-Equation 1: Equation for error in output layer, δ L.

δ
L
j =

∂C
∂aL

j
σ
′(zL

j ) (2.2.30)

[Derivation: Using the definition δ L
j = ∂C

∂zL
j

and applying chain-rule to express it in terms

of partial derivatives wrt output activations,

δ
L
j = ∑

k

∂C
∂aL

k

∂aL
k

∂ zL
j

in which the sum is over all neurons k in the output layer L. aL
k (of the kth neuron) depends

only on the input zl
j for the jth neuron as k=j. Thus other terms in ∂aL

k/∂ zL
j vanishes when

k ̸= j. Thus

δ
L
j =

∂C
∂aL

j

∂aL
j

∂ zL
j

Since aL
j =σ(zl

j),

δ
L
j =

∂C
∂aL

j
σ
′(zL

j )

]
BP-Equation 2: Equation for error in the lth layer, δ l , in terms of error in the (l+1)th

layer,δ l+1.

δ
l = ((wl+1)T

δ
l+1)⊙σ

′(zl) (2.2.31)
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(wl+1)T is the transpose of the weight matrix for the (l+1)th layer and ⊙ represents a

Hadamard product. Equations 2.2.30 and 2.2.31 together can be used to compute error

δ l for any layer l, starting with 2.2.30 to find δ L and working backward to find δ L−1 and

δ L−2 and the rest, until traversing the entire network.

[Derivation: Using the chain rule:

δ
l
j =

∂C
∂ zl

j

= ∑
k

∂C
∂ zl+1

k

∂ zl+1
k

∂ zl
j

= ∑
k

∂ zl+1
k

∂ zl
j

δ
l+1
k

where the ∂C
∂ zl+1

k
= δ

l+1
k . Now,

zl+1
k = ∑

j
wl+1

k j al
j +bl+1

k = ∑
j

wl+1
k j σ(zl

j)+bl+1
k

Differentiating wrt zl
j,

∂ zl+1
k

∂ zl
j

= wl+1
k j σ

′(zl
j)

Putting it back in the expression connecting δ l
j and δ

l+1
k ,

δ
l
j = ∑

k
wl+1

k j δ
l+1
k σ

′(zl
j)

This is BP-Equation 2 in component form. ]
BP-Equation 3: Equation for the rate at which the cost changes with respect to any bias in

the network.

∂C
∂bl

j
= δ

l
j (2.2.32)

This can be easily found since BP-Equation 1 and BP-Equation 2 can readily provide the

value of δ l
j .

[Derivation:
∂C
∂bl

j
=

∂C
∂ zl

j

∂ zl
j

∂bl
j
= δ

l
j ×

∂ (∑k wl
jkal−1

k +bl
j)

∂bl
j

= δ
l
j
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where equation 2.2.29 gives the definition for δ l
j . ]

BP-Equation 4: Equation for the rate at which the cost changes with respect to any weight

in the network.

∂C
∂wl

jk
= al−1

k δ
l
j (2.2.33)

This can be easily found since al−1 and δ l are already known.

[Derivation:
∂C

∂wl
jk
=

∂C
∂ zl

j

∂ zl
j

∂wl
jk
= δ

l
j ×

∑p wl
jpal−1

p +bl
j

∂wl
jk

The last expression evaluates to non-zero value when p=k. Thus,

∂C
∂wl

jk
= δ

l
ja

l−1
k

]
For practical applications, backpropagation algorithm is used in tandem with a learning

algorithm like the stochastic gradient descent. The combined workflow can be laid out as :

• An outer loop is initiated to supply mini-batches of size m sampled from all the

training instances.

• For every example x in a mini-batch:

□ Activation ax,1 is initiated for the input layer.

□ zx,l and ax,l is calculated for l=2,3,..L. This is the feedforward step.

□ The output error δ x,L is found using BP-Equation 1.

□ The error is then backpropagated for each layer l=L, L-1, L-2, i.e, compute δ x,l

from BP-Equation 2.

• Following the gradient descent algorithm, for each layer l=l,L-1,..2, the weights and

biases are updated according to wl → wl − η

m ∑x δ x,l(ax,l−1)T and bl → bl − η

m ∑x δ x,l

(using BP-Equation 3 and BP-Equation 4 in equations 2.2.25 and 2.2.26).

• An outer loop proceeds through the epochs during the training.

A caveat of building a machine learning model is that it can be susceptible to overfitting,

replicating the trend in training data closely but fails to generalize to unseen data. Certain
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techniques called regularization methods can be employed to reduce the generalization error

(or test error), as described below.

L2-regularization: An extra regularization term is appended to the cost function to

drive the model weights close to the origin. This form of regularization penalizes propor-

tionately to the sum of the squares of the weights, that is, L2 ∝ ∑w w2, where n is the number

of weights in the model. The regularized cost function can be written as :

C =C0 +
λ

2n ∑
w

w2 (2.2.34)

where C0 is the actual unregularized objective function, n is the training set size and λ is

the regularization rate. The latter controls the impact of the regularization on the model

complexity. When the rate is high, the model weights approach a normal distribution with

mean 0. When the rate is low, the distribution is rather flat. The ideal λ is data-dependent

and can be found by some systematic tuning. The regularized updation rule of the weights

for an MLP (mini-batches of size p and learning rate η) is :

wk → w′
k = (1− ηλ

n
)w− η

p ∑
x

∂Cx

∂w
(2.2.35)

where the sum is over the instances in the present minibatch.

L1-regularization: In L1 regularization, the cost function is modified by the sum of the

absolute values of the weights.

C =C0 +
λ

2n ∑
w
|w| (2.2.36)

The regularized updation rule of the weights for an MLP (mini-batches of size p and learn-

ing rate η) is :

wk → w′
k = w− ηλ

n
sgn(w)− η

p ∑
x

∂Cx

∂w
(2.2.37)

where sgn(w) is the sign function.

In L1 regularization, the weights are reduced by a fixed amount to zero, regardless of their

magnitude. In contrast, L2 regularization decreases weights by an amount proportional

to their value (w). This means that for weights with large magnitudes (|w|), L1 regular-

ization reduces them less than L2 regularization. However, for smaller weights (|w|), L1

regularization reduces them more significantly compared to L2 regularization. As a result,

L1 regularization tends to concentrate the model’s weights on a small number of highly

important connections while driving the rest of the weights closer to zero.
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An optimal balance must be established between the learning rate(η) and the regularization

rate(λ ). The reason is that a high η often shifts the weights further from zero, while a high

λ takes the weights toward zero. Setting the regularization rate higher than the learning rate

can lead to a model that underfits, while the converse can produce a model that overfits.

Dropout: Dropout regularizes by modifying the network itself rather than modifying the

cost function. It works by removing a fixed number of neurons from the hidden network

(barring input and output layers) for a single gradient step. This prevents co-adaptation

in the network where the neurons rely heavily on the outputs of specific other neurons to

predict patterns in the training data, rather than utilizing the collective behavior of the entire

network. After modification of the weights and biases over a mini-batch on this network

structure, the removed neurons are reestablished and another randomized set of neurons are

dropped out. By iterating this workflow, a set of model parameters is learned that does not

tend to overfit.

2.2.2.2.1 Autoencoder

An autoencoder is a neural network designed to learn by replicating its input on the output.

Through unsupervised machine learning, they are trained to identify latent variables within

the input data that, while not directly observable, play a crucial role in shaping the data’s

distribution. Internally, it contains a hidden layer, h, that encodes a representation of the

input. This layer is often called the code layer, that inherits some useful properties of the

input during the training of the autoencoder. The network can be seen as comprising two

components: an encoder function, e = f (x), and a decoder that generates a reconstruction,

d = g(e). The architecture is shown schematically in Figure 2.10. Autoencoders are inten-

tionally designed to prevent perfect copying. They are typically constrained in ways that

allow only approximate replication, focusing on input similar to the training data. By forc-

ing the model to prioritize the aspects of the input to retain, it often captures meaningful

properties of the data. This aspect of autoencoders is utilized in dimensionality reduction

or feature selection. Autoencoders can be considered as a specific type of feedforward

network and are typically trained using the same techniques, such as minibatch gradient

descent with gradients computed via backpropagation.

One route to extract crucial features in the code layer h is to limit its dimensionality below

x, the input dimensionality. Such autoencoders are called undercomplete. Training such a

network pushes it to extract the predominant patterns of the learning data. The training is

basically the minimization of a loss function

L(x,g( f (x))), (2.2.38)
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where L is a loss function,such as the mean squared error, that penalizes g(f(x)) for differing

from x. With the decoder being linear and the loss function being the mean squared error,

Figure 2.10: The schematic structure of an autoencoder.

an undercomplete autoencoder learns to span the same subspace as the PCA. Autoencoders

with nonlinear encoder functions f and nonlinear decoder functions g, therefore, have the

ability to learn a more powerful nonlinear generalization of PCA. However, an autoencoder

trained to perform the copying task may fail to learn anything useful about the dataset if its

capacity becomes too large or the code layer has same or greater dimension(overcomplete)

than the input. In such cases, even a linear encoder and decoder are capable of simply

copying the input to the output, without capturing any meaningful structure or patterns in

the data distribution.

Ideally, any autoencoder architecture could be successfully trained by adjusting the code

dimension and the capacities of the encoder and decoder according to the complexity of

the distribution being modeled. Regularized autoencoders make this possible. Unlike con-

straining model capacity either by shallow encoders and decoders or restricted code sizes,

regularized autoencoders define a loss function that enforces additional properties than just

that of reproducing input at output. These properties include sparsity in representation,

small derivatives in the representation, and robustness with respect to noisy or missing in-

puts. A regularized autoencoder, even when nonlinear and overcomplete, can still capture

meaningful information about the underlying data distribution.

In this thesis, an autoencoder network has been built using the functionalities of Tensorflow

[51].
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2.2.2.3 K-means clustering

This process iteratively groups data into K clusters, ensuring that the sum of squared dis-

tances within each cluster is minimized relative to its centroid. Initially, centroids are

randomly placed in the feature space. Then, the distance between each data point and

all centroids is computed, and each point is assigned to the cluster of the nearest cen-

troid. The centroids are subsequently updated based on the new cluster assignments. This

cycle repeats until the maximum displacement of centroids (O j, where j denotes cen-

troid indices) between two consecutive iterations falls below a small threshold (ε), i.e.,

max∥Os+1
j −Os

j∥< ε , where s and s+1 represent consecutive iterations.

The selection of the number of clusters (K) is critical for achieving meaningful and physi-

cally interpretable clustering. To determine the optimal number of clusters (Ktrue), the Knee

Method algorithm is employed. This approach involves calculating the sum of squared

errors (SSE) for various candidate values of K. Initially, SSE decreases rapidly as K ap-

proaches Ktrue, but the rate of decline slows significantly once Ktrue is exceeded. The op-

timal value of Ktrue is identified by plotting the K-SSE curve and locating the inflection

point[52]. Instead of determining this point visually, the kneedle algorithm is applied via

KneeLocator[53], which identifies the point of maximum curvature (knee) in the dataset.

In this thesis, K-means clustering has been implemented through scikit-learn[24].

2.3 Ab-initio calculations

A real physical system can be regarded as a system consisting of interacting atoms and

molecules, which exist, for instance as isolated species, or as small clusters, or as bulk,

in the condensed phase as bulk solids or as surfaces. Regardless of their state, such sys-

tems typically consist of heavy, positively charged nuclei and lighter, negatively charged

electrons, with their interactions governed by electrostatic Coulomb forces. To accurately

describe these systems, a many-body Hamiltonian is required, accounting for interactions

among all particles. This Hamiltonian contains terms for the kinetic energy of electrons

and nuclei, the potential energy from electron-nucleus interaction, and the potential energy

from both electron-electron and nucleus-nucleus interactions. The general form of this

many-body Hamiltonian is given by,

H =−
P

∑
I=1

h̄2

2MI
∇

2
I −

N

∑
i=1

h̄2

2mi
∇

2
i +

e2

2

P

∑
I=1

P

∑
J ̸=I

ZIZJ

|RRRI −RRRJ|
+

e2

2

N

∑
i=1

N

∑
j ̸=i

1
|rrri − rrr j|

−e2
P

∑
I=1

N

∑
i=1

ZI

|RRRI − rrri|
(2.3.1)
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where the ions have ZI and mass MI and the electrons have charge e and mass mi. The

first two terms of the Hamiltonian are the kinetic energies of the ions (Tn) and electrons

(Te) respectively. The rest of the terms encapsulate the Coulomb interactions: ion-ion (Vnn),

electron-electron (Vee) and electron-ion (Vne). The final goal is then to solve the time-

independent Schrödinger equation to derive the many-body wave function Ψi(r,R).

HΨi(rrr,RRR) = EiΨi(rrr,RRR). (2.3.2)

Finding an exact analytical solution for Equation (2.3.2) within a fully quantum mechanical

framework is challenging, even for a simple system. It happens that barring very simple

cases like that of the hydrogen atoms, the many-body nature of the Coulomb interactions

and the large numbers of degrees of freedom render the equation non-separable, and an

exact solution is not possible. Alternatively, solutions can be attempted via the numerical

route. However, it is also practically limited by the presence of a large number of variables

(3N) in the wavefunction. D. R. Hartree puts the scenario to perspective in his succinct

statement: ”The tabulation of a function of one variable requires a page, of two variables a

volume, and of three variables a library; but the full specification of a single wave function

of neutral Fe is a function of seventy-eight variables. It would be rather crude to restrict to

ten the number of values of each variable at which to tabulate this function, but even so,

full tabulation of it would require 1078 entries, and even if this number could be reduced

somewhat from considerations of symmetry, there would still not be enough atoms in the

whole solar system to provide the material for printing such a table.” Hence, it is evident

that to solve this Hamiltonian for real materials, approximations are required at various

stages.

The first significant attempt at such an approximation came in 1927, called the Born-

Oppenheimer Approximation(BO) [54]. This approximation states that since the mass of

electrons(me) are much lesser than that of the nuclei(MI), the latter move significantly

slower than the electrons, allowing them to be treated as if they are moving in the field

of nuclei that appear stationary on the electronic time scale. This approach is known as the

adiabatic approximation, which enables the decoupling of electronic and nuclear motion.

Consequently, the electronic part of the Hamiltonian can be expressed for a fixed nuclei

configuration as follows:

He = Te +Vee +Vne +Vnn, (2.3.3)

The final term in the above expression, Vnn, represents a constant resulting from ion-ion

interactions, referred to as the Madelung energy, which can be calculated using classical

methods. The BO approximation maps the many-body Hamiltonian to a many-electron

Hamiltonian. Even with all these simplifications, solving the eigenvalue problem for the
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Hamiltonian in Eqn. (2.3.3) is cumbersome considering the electron-electron interactions.

When two electrons with the same spin want to exchange their positions, the wave function

ψ(ri) has to change sign under a property called ”exchange,” originating in the Pauli exclu-

sion principle. Furthermore, every electron interacts with the motion of other electrons-an

effect known as ”correlation.”

To account for these complexities, an independent electron approximation is used. Here,

electrons are treated as independent particles moving within the mean field generated by

other electrons and the nuclei. Essentially, this maps an interacting electron system onto a

non-interacting one that closely mimics the original. This description should be satisfactory

in cases where the exchange and correlation effects are not too large.

There are two distinct approaches to the independent electron approximation:

(a) Wave Function-Based Approach: This includes methods such as Hartree[55], Hartree-

Fock (HF)[56], and Configuration Interaction (CI) [57].

(b) Density-Based Approach: This is implemented through Kohn-Sham Density Functional

Theory (DFT) [58–60].

The primary drawback of wave function-based methods is their high computational cost,

which increases exponentially with system size. In contrast, DFT is significantly more

computationally efficient, but offers a less detailed description of electron correlation. In

this thesis, DFT calculations are performed.

2.3.1 Density Functional Theory

Prior to the development of Hartree’s[61] (1928) and Hartree-Fock’s[62] (1930) theories,

Thomas and Fermi (TF) (1927)[63, 64] introduced a density functional approach for solving

many-body problems. They proposed using the electron density of a non-interacting homo-

geneous electron gas as a fundamental variable. The motivation for this approach is as

follows: a system containingNeelectrons has a many-body wave function Ψ(r1,r2, . . . ,rNe)

that depends on 3Nevariables. In contrast, the corresponding electron density, given by

ρ(r) = N
∫

Ψ
∗(r,r2, . . . ,rN)Ψ(r1,r2, . . . ,rN)dr2 dr3 . . . drN , (2.3.4)

depends on only three variables. Here, ri represents the position vector of the i-th elec-

tron. Consequently, working with the full wave function incurs a significant computational

cost, whereas using the electron density drastically reduces the complexity due to the lower

number of variables.
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However, the TF model has several limitations. The expression it provides for kinetic en-

ergy is only approximate, and it completely neglects electronic correlation effects. Ad-

ditionally, it fails to accurately predict atomic bonding. Despite these shortcomings, the

TF model laid the groundwork for the development of Density Functional Theory (DFT),

which provides a more efficient framework for addressing many-electron problems. To-

day, DFT remains the most widely used method for electronic structure calculations in

condensed matter physics.

2.3.2 Reduced Density Matrices

The following outlines the mathematical formulation underlying the density functional ap-

proach. In the ground state, the electron density is defined by

ρ(rrr1) = N
∫

Ψ
∗(rrr1,rrr2, ...,rrrN)Ψ(rrr1,rrr2, ...,rrrN)drrr2drrr3...drrrN . (2.3.5)

where Ψ(r1,r2, ...,rN) is a many-particle wave function. The single-particle electron-ion

interaction is written as:

⟨Vne⟩= ⟨Ψ|∑
i

v(ri)|Ψ⟩=
∫

drv(r)ρ(r), (2.3.6)

where the integration encompasses all space. Similarly, the two-particle electron-electron

repulsion can be written as:

⟨Vee⟩= ⟨Ψ|1
2 ∑

i, j

1
ri j

|Ψ⟩= 1
2

∫
dr1 dr2

Γ2(r1,r2)

r12
, (2.3.7)

where Γ2(r1,r2) is the two-particle density expressing the joint probability of finding an

electron in the volume dr1 at r1 and another electron in the volume dr2 at r2. This can be

represented as:

Γ2(r1,r2) = N(N −1)
∫

Ψ
∗(r1,r2, . . . ,rN)Ψ(r1,r2, . . . ,rN)dr3 dr4 . . .drN . (2.3.8)

The kinetic energy term is:

T =−⟨Ψ|1
2 ∑

i
∇

2
i |Ψ⟩=−1

2
N
∫

Ψ
∗(r1,r2, . . . ,rN)∇

2
1Ψ(r1,r2, . . . ,rN)dr1 dr2 . . .drN ,

(2.3.9)

=−1
2

N
∫ [

∇
2
1Ψ

∗(r′1,r2, . . . ,rN)Ψ(r1,r2, . . . ,rN)
]

r1=r′1
dr1 dr2 . . .drN , (2.3.10)

=−1
2

∫
dr1

[
∇

2
1γ(r1,r′1)

]
r1=r′1

, (2.3.11)
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where γ(r1,r′1) is the first-order reduced density matrix, defined as:

γ(r1,r′1) = N
∫

Ψ
∗(r′1,r2, . . . ,rN)Ψ(r1,r2, . . . ,rN)dr2 dr3 . . .drN . (2.3.12)

The total energy of the system can be expressed in terms of Reduced Density Matrices

(RDMs) using the density matrix formalism:

E[ρ,γ,Γ2] = T [γ(r1,r′1)]+Vne[ρ(r)]+Vee[Γ2(r1,r2)], (2.3.13)

This formulation enabled the development of a quantum mechanical framework for many-

electron systems in reduced space, eliminating the need for the wave function formalism. A

key requirement of this approach is to determine the Reduced Density Matrices (RDMs) by

minimizing the total energy while adhering to the Pauli exclusion principle. Additionally, it

is necessary to verify the existence of an anti-symmetric wave function ψ capable of gener-

ating these RDMs. The problem of N representability involves establishing necessary and

sufficient conditions for γ(r1,r′1) and Γ2(r1,r2), which remain incompletely understood.

The N-representability condition for the electron density ρ(r) is expressed as :∫
ρ(r)dr = N, ρ(r)≥ 0. (2.3.14)

One of the simplest reduced quantities is the single-particle density, which holds significant

potential for advancing quantum mechanics within a more streamlined framework.

2.3.3 The Hohenberg-Kohn (HK) Theorems

Density Functional Theory (DFT) is founded on the theorems proposed by Hohenberg and

Kohn in 1964[65].

Hohenberg-Kohn Theorem I: A one-to-one correspondence exists between the ground

state electron density ρ(r) of a system with N electrons and the external potential vext(r)
acting on it. This implies that the electron density ρ(r) is uniquely determined for any

system of interacting particles under an external potential vext(r).

Hohenberg-Kohn Theorem II: There exists a universal functional E[ρ] for the energy,

expressed in terms of the electron density ρ(r), which is valid for any external potential.

The exact ground state energy of the system, for a given external potential, is obtained as

the global minimum of this functional. The electron density that minimizes the functional

corresponds to the true ground state density.

Proof of Theorem I
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First we consider two external potentials, v1(r) and v2(r), which differ only by an additive

constant but give the same ground state density ρ(r). Since these potentials are different,

they correspond to different Hamiltonians., H1 and H2, with corresponding wavefunctions

Ψ1 and Ψ2. According to the variational principle, no wave function can give an energy

lower than that obtained from Ψ1 for H1. Thus,

E1 = ⟨Ψ1|H1|Ψ1⟩< ⟨Ψ2|H1|Ψ2⟩.

Assuming a non-degenerate ground state and given that both Hamiltonians share the same

ground state density, the equation can be rewritten as follows:

E1 < ⟨Ψ2|H1|Ψ2⟩= ⟨Ψ2|H2|Ψ2⟩+ ⟨Ψ2|H1 −H2|Ψ2⟩= E2 +
∫

drρ(r)[v1(r)− v2(r)].

Hence,

E1 < E2 +
∫

drρ(r)[v1(r)− v2(r)].

If we interchange the indices, we get:

E2 < E1 +
∫

drρ(r)[v2(r)− v1(r)].

The addition of these two inequalities gives :

E1 +E2 < E2 +E1,

which leads to a contradiction. Therefore, our initial assumption must have been false, that

is, a particular ρ(r) corresponds to a unique external potential v(r). As a result, v(r) is

decided by ρ(r), which in turn fixes both the Hamiltonian and the wave function. This

proves Hohenberg-Kohn’s first theorem.

Proof of Theorem II
Since wave function depends on the density, the total energy functional Ev[ρ] for a given

external potential v(r) can be expressed as,

Ev[ρ] = F [ρ]+
∫

ρ(r)v(r)dr, (2.3.15)

where,

H = Te +Uee +Vne, (2.3.16)

and,

F [ρ] = ⟨Ψ[ρ]|Te +Uee|Ψ[ρ]⟩ (2.3.17)
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where F[ρ] is a universal functional independent of the external potential and with an un-

known exact form. The ground state density ρ̃ uniquely defines the ground state energy.

Thus,

Ev[ρ̃] = ⟨Ψ[ρ̃]|H|Ψ[ρ̃]⟩. (2.3.18)

From variational principle, a different density, ρ , would produce higher energy.

Ev[ρ̃] = ⟨Ψ[ρ̃]|H|Ψ[ρ̃]⟩< ⟨Ψ[ρ]|H|Ψ[ρ]⟩. (2.3.19)

It indicates that by minimizing the total energy functional with respect to the density ρ(r),
we should obtain the ground state energy. The density that minimizes the energy is the

ground state density. Although the Hohenberg-Kohn theorem is theoretically exact for

determining the ground state properties of any system, its main limitation is that we do not

know the exact form of the universal functional F [ρ].

2.3.4 Kohn-Sham Formulation

In 1965 Kohn and Sham [59] introduced a formulation that enables the practical applica-

tion of density functional theory, building on the Hohenberg-Kohn theorem. They mapped

the electron density ρ(r) of an interacting N electron system into a system of fictitious

non-interacting electrons while maintaining the same electron density as the former. The

universal functional F [ρ] for such non-interacting electrons can then be written as,

F [ρ(r)] = T0[ρ(r)]+
e2

2

∫ ∫
ρ(r1)ρ(r2)

r12
dr1dr2 +EXC[ρ(r)], (2.3.20)

The kinetic energy functional of the interacting electrons is substituted with the kinetic

energy of the non-interacting particle system, T0[ρ]. The next term represents the classical

electrostatic contribution, often known as the Hartree term. Meanwhile, EXC[ρ], called the

exchange-correlation (XC) energy, encompasses all many-body effects, including exchange

effects that account for the Pauli exclusion principle and correlation effects that describe

electron interactions within the many-body wavefunction. The energy functional can be

written as follows:

E[ρ] = T0[ρ(r)]+
∫

v(r)ρ(r)dr+
e2

2

∫ ∫
ρ(r1)ρ(r2)

r12
dr1dr2 +EXC[ρ(r)]. (2.3.21)

T0[ρ] can be determined by solving the single-particle Schrödinger equation,[
−1

2
∇

2 +λ (r)
]

ψi = εiψi, (2.3.22)
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A suitable function λ (r) leads to the orbitals that give the desired density.

ρ(r) = ∑
i
|ψi|2. (2.3.23)

The functional is then evaluated as follows:

T0[ρ] = ∑
i

εi −
∫

drλ (r)ρ(r). (2.3.24)

The energy functional used to determine the equilibrium density then takes the form:,

E[ρ] = ∑
i

εi −
∫

drλ (r)ρ(r)+
∫

v(r)ρ(r)dr+Ecoul[ρ]+EXC[ρ]. (2.3.25)

Minimizing we get,

λ (r) = v(r)+
δEcoul[ρ]

δρ(r)
+

δEXC[ρ]

δρ(r)
, (2.3.26)

This demonstrates that choosing λ (r) as specified in the above expression results in the cor-

rect density derived from the single-particle Schrödinger equation. This leads to a system

of N nonlinear integro-differential equations, referred to as the Kohn-Sham (KS) equations.

These equations are solved instead of the many-body Schrödinger equation, as follows:[
−1

2
∇

2 + veff(r;ρ)

]
ψi = εiψi, (2.3.27)

where the effective potential is given by:

veff(r) = v(r)+
∫

ρ(r′)
|r− r′|

dr′+
δEXC

δρ(r)
= v(r)+ vHartree[ρ(r)]+ vXC[ρ(r)]. (2.3.28)

The Kohn-Sham equations are solved iteratively until self-consistency is reached. The pro-

cedure can be summarized as follows: Begin with an initial guess ρ0 to construct the initial

Kohn-Sham equation. After solving the eigenvalue problem, a new density is obtained. If

the new density differs from the previous one by more than a specified threshold, the next

step is to mix the two densities to generate a new one. In the subsequent iteration, the

Hamiltonian is determined by this updated density, which then produces the new density

for that iteration, and so on. This process is repeated until the densities from two consecu-

tive steps converge to the same solution within an acceptable margin of error. The process

is illustrated in Figure 2.11.
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Figure 2.11: The iterative procedure in Density Functional Theory (DFT) for attaining
self-consistency.

2.3.4.1 Extension to Spin-Polarized Systems

In the case of spin polarization, the electron density is composed of two separate spin

densities. It can be expressed as follows:,

ρ(r) = ρ↑(r)+ρ↓(r). (2.3.29)

Subsequently, the universal energy functional F [ρ↑,ρ↓] incorporates contributions from

both spin densities and can be expressed as:

F [ρ↑(r),ρ↓(r)] = T0[ρ↑,ρ↓]+
e2

2

∫ ∫
ρ(r1)ρ(r2)

r12
dr1 dr2 +EXC[ρ↑,ρ↓], (2.3.30)

where T0[ρ↑,ρ↓] represents the kinetic energy of the non-interacting spin-polarized elec-
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trons, and EXC[ρ↑,ρ↓] is the exchange-correlation energy functional, which now depends

on both spin densities.

The total energy functional for the system is then expressed as:

E[ρ↑,ρ↓] = T0[ρ↑,ρ↓]+
∫

v(r)ρ(r)dr+
e2

2

∫ ∫
ρ(r1)ρ(r2)

r12
dr1 dr2 +EXC[ρ↑,ρ↓].

(2.3.31)

The spin-polarized Kohn-sham equations are:[
−1

2
∇

2 +λ↑(r)
]

ψi↑ = εi↑ψi↑, (2.3.32)

[
−1

2
∇

2 +λ↓(r)
]

ψi↓ = εi↓ψi↓. (2.3.33)

The spin densities are derived as:

ρ↑(r) = ∑
i
|ψi↑|2, (2.3.34)

ρ↓(r) = ∑
i
|ψi↓|2. (2.3.35)

The kinetic energy functional becomes:

T0[ρ↑,ρ↓] = ∑
i

εi↑+∑
i

εi↓−
∫

dr
[
λ↑(r)ρ↑(r)+λ↓(r)ρ↓(r)

]
. (2.3.36)

The energy functional used to determine the equilibrium densities is given by::

E[ρ↑,ρ↓] = ∑
i

εi↑+∑
i

εi↓−
∫

dr
[
λ↑(r)ρ↑(r)+λ↓(r)ρ↓(r)

]
+

∫
v(r)ρ(r)dr+Ecoul[ρ]+EXC[ρ↑,ρ↓].

Minimizing the functional :

λ↑(r) = v(r)+
δEcoul[ρ]

δρ↑(r)
+

δEXC[ρ↑,ρ↓]

δρ↑(r)
, (2.3.37)

λ↓(r) = v(r)+
δEcoul[ρ]

δρ↓(r)
+

δEXC[ρ↑,ρ↓]

δρ↓(r)
. (2.3.38)
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Thus the spin-polarized Kohn-Sham equations are:[
−1

2
∇

2 + veff,↑(r;ρ↑,ρ↓)

]
ψi↑ = εi↑ψi↑, (2.3.39)

[
−1

2
∇

2 + veff,↓(r;ρ↑,ρ↓)

]
ψi↓ = εi↓ψi↓. (2.3.40)

Here, the effective potentials are in the form:

veff,↑(r) = v(r)+
∫

ρ(r′)
|r− r′|

dr′+
δEXC

δρ↑(r)
= v(r)+ vHartree[ρ(r)]+ vXC,↑[ρ↑(r),ρ↓(r)],

(2.3.41)

veff,↓(r) = v(r)+
∫

ρ(r′)
|r− r′|

dr′+
δEXC

δρ↓(r)
= v(r)+ vHartree[ρ(r)]+ vXC,↓[ρ↑(r),ρ↓(r)].

(2.3.42)

The self-consistency procedure for the spin-polarized Kohn-Sham equations follows a sim-

ilar approach to the non-spin-polarized case, with the key difference being that the spin-up

and spin-down densities are handled independently. Initial guesses for ρ↑ and ρ↓ are used

to construct the Kohn-Sham equations. These equations are solved iteratively until conver-

gence is reached within a specified tolerance of error.

2.3.5 Exchange-Correlation Functional

Up to this point, Kohn-Sham theory does not rely on any approximations and is, in principle,

exact. However, the difficulty lies in the term EXC[ρ], as the exact form of this functional is

unknown, necessitating approximations. The Local Density Approximation (LDA) and the

Generalized Gradient Approximation (GGA) are commonly used and successful methods

for approximating this term.

2.3.5.1 Local Density Approximation (LDA)

This approximation, initially introduced by Kohn and Sham [59], is based on the core

principles of Thomas-Fermi-Dirac theory [64, 66]. The central assumption in this approach

is that the exchange-correlation energy depends solely on the local electron density ρ(r).

The functional form of this approximation can be written as:

ELDA
XC =

∫
ρ(r)εXC[ρ(r)]dr, (2.3.43)

EXC[ρ(r)] represents the exchange-correlation energy density of a homogeneous electron

gas with density ρ(r). In the Local Density Approximation (LDA), EXC is determined by
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separately adding the contributions from the exchange and correlation parts.

ε
LDA
XC [ρ(r)] = ε

LDA
X [ρ(r)]+ ε

LDA
C [ρ(r)]. (2.3.44)

The exchange part εLDA
X [ρ] is given by the Dirac expression for a uniform electron gas,

ε
LDA
X (ρ) =−0.458

rs
(2.3.45)

where rs is the mean interelectronic distance,

4π

3
r3

s = ρ
−1 (2.3.46)

The correlation part is more intricate. E.P. Wigner[67] initially estimated it as:

ε
LDA
C ≈ 0.44

rs +7.8
(2.3.47)

Later, Ceperley and Alder [68] provided a more precise estimate using quantum Monte

Carlo simulations. This is numerically exact and has been parameterized by Perdew and

Zunger [69], Vosko, Wilk, and Nusair [70], and John P. Perdew and Yue Wang [71].

In spin-polarized systems, the exchange-correlation (XC) energy density is influenced not

only by the electron density ρ but also by the magnetization density ζ , defined as ζ =

(ρ↑− ρ↓)/(ρ↑+ ρ↓). Typically, it is determined by interpolating between the XC energy

densities for the fully polarized (εP
XC) and unpolarized (εU

XC) cases, using an interpolation

function dependent on ζ . Well-established approximations for this interpolation function

exist, such as those introduced by Barth and Hedin [72] and Vosko et al. [70].

The Local Density Approximation (LDA) is primarily intended for systems where the

electronic charge density varies gradually. However, it surprisingly provides highly ac-

curate results even for inhomogeneous systems, as discussed in the review by R.O. Jones

and O. Gunnarsson [73]. Several factors have been proposed to explain this unexpected

effectiveness, such as,

• The exchange-correlation (XC) energy is determined solely by the spherical average

of the XC hole. The XC energy can be expressed as:

EXC[ρ] =−1
2

∫
ρ(r)
R(r)

dr (2.3.48)
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where,
1

R(r)
=

∫
ρ̃XC(r,r′)
|r− r′|

dr′ (2.3.49)

and ρ̃XC is the XC-hole, written as the pair correlation function g̃(r,r′),

ρ̃XC(r,r′) = ρ(r′)[g̃(r, r′)−1] (2.3.50)

• The Local Density Approximation (LDA) adheres to the fundamental sum rule, en-

suring that the exchange-correlation (XC) hole adds up to precisely one electron.,

i.e, ∫
ρ̃XC(r,r′)dr′ =

∫
ρ(r)g̃LDA(|r− r′|,ρ(r))dr′ =−1 (2.3.51)

The Local Density Approximation (LDA) performs well in capturing phenomena associated

with ion motion, where energy scales are typically around 1 eV. However, it falls short in

describing effects that involve much lower energy scales, such as superconductivity, which

occurs at energies corresponding to just a few Kelvin.

2.3.5.2 Generalized Gradient Approximation (GGA)

The Generalized Gradient Approximation (GGA) builds upon the Local Density Approxi-

mation (LDA) by incorporating both the local electron density ρ(r) and its gradient ∇ρ(r).
By considering spatial variations in the electron density, GGA offers a more precise repre-

sentation of exchange-correlation effects, leading to improved accuracy in describing real

systems.

The energy functional can be expressed as,

EGGA
XC [ρ] =

∫
εXC(ρ(r), |∇ρ(r)|)ρ(r)dr =

∫
ρ(r)εXC[ρ(r)]FXC[ρ(r),∇ρ(r)]dr

(2.3.52)

In the Generalized Gradient Approximation (GGA), the function FXC, known as the en-

hancement factor, modifies the Local Density Approximation (LDA) expression. Various

GGA functionals exist, differing in their choice of enhancement factor. One notable ex-

ample is the exchange-correlation functional introduced by Perdew and Wang (PW91) in

1991. Later, Perdew, Burke, and Ernzerhof (PBE) developed a simplified version by refin-

ing PW91.

GGA improves upon LDA by providing better predictions for properties such as binding

energy, total energy, structural parameters, and magnetic behavior in materials. However, it

has notable shortcomings, including its inability to capture long-range interactions (follow-

ing a 1/R6 dependence) and a tendency to overestimate electric polarization in polar mate-
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rials. Additionally, it struggles with strongly correlated systems, underscoring the necessity

for more sophisticated methods to accurately describe electron-electron interactions.

2.3.6 Basis Sets

The selection of a basis set is determined by the specific requirements of a given electronic

structure problem. In this thesis, plane wave based method as implemented in Vienna ab

initio simulation package (VASP)[74] has been implemented.

2.3.6.1 Plane Wave Basis Method:

In this method, the Kohn-Sham wavefunction is represented as:

ψks(r) = ei.kr
∑
G

CG(kr)eiG.r (2.3.53)

where G indicates the reciprocal lattice vector and CG is the plane wave coefficient on

which a normalization condition ∑G|CG(kr)|2 = 1 is imposed. Practical implementations

require a truncation point which is finite. The cutoff is specified using the plane-wave

kinetic energy cutoff, which is defined as:

h̄
|k+G|2

2me
≤ Ecut (2.3.54)

Physical quantities are determined only after ensuring convergence with respect to the en-

ergy cutoff, ensuring that the results are independent of the chosen cutoff value. The chief

advantages of using a plane-wave basis set include:

• The plane-wave basis set does not depend on the positions of atoms or their types.

• Basis set corrections are unnecessary since the forces acting on atoms correspond to

the Hellmann-Feynman forces.

• It employs efficient techniques like Fast Fourier Transform (FFT).

A major drawback of this method is the need for a large number of plane waves to pre-

cisely describe the wave function near the nucleus, known as the core region. In this area,

electrons are strongly bound, causing rapid wave function oscillations due to orthogonality

constraints with valence electrons. A common solution is to replace the strong Coulomb

potential and core electron effects with an effective potential that influences only the va-

lence electrons, called the pseudopotential, as described in Figure 2.12.
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Figure 2.12: Comparison of all-electron (solid line) and pseudo (dashed line) wavefunc-
tions and potentials. They converge and align beyond the cut-off radius rc.

The concept of pseudopotentials can be understood as follows: In the core region, the ac-

tual potential is strongly attractive, causing valence electrons to gain kinetic energy due

to rapid oscillations, which effectively act as a repulsive potential. Instead of these oscil-

latory wavefunctions, valence wavefunctions are replaced with smooth, nodeless pseudo

wavefunctions within the core region while remaining identical to the actual wavefunction

outside it, as illustrated in Figure 2.12. This substitution significantly reduces the number

of plane waves needed to represent valence wavefunctions.

Over the past few decades, various methods have been developed to construct more accurate

and efficient pseudopotentials (PS). In electronic structure calculations using plane-wave

basis sets, three commonly used types of pseudopotentials exist.

• Norm conserving pseudopotential

• Ultrasoft pseudopotential

• Projector augmented wave (PAW) potential

In this thesis, PAW pseudopotentials are utilized for electronic structure calculations, as

detailed in the following section.
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2.3.6.1.1 The Projector Augmented Wave (PAW) Method

The Projector Augmented Wave (PAW) method, introduced by Blöchl [75], has proven

to be computationally efficient, highly transferable, and accurate for electronic structure

calculations, enabling density functional theory calculations to be carried out with improved

efficiency.

The issue addressed in this method is that the valence wave functions exhibit rapid oscil-

lations near ion cores due to their orthogonality to core states, necessitating many Fourier

components for accurate representation. The PAW approach resolves this by applying a

linear transformation to convert these oscillatory wave functions into smooth ones, making

computations more efficient. In this framework, the all-electron (AE) wave function Ψn is

obtained from the pseudo wavefunction Ψ̃n through a linear transformation:

|Ψn⟩= |Ψ̃n⟩+∑
i
(|φi⟩− |φ̃i⟩)⟨p̃i|Ψ̃n⟩ (2.3.55)

The index i represents the atomic site at Ri. The all-electron (AE) partial waves φi are

solutions of the radial Schrödinger equation for an isolated atom, while the pseudo (PS)

partial waves φ̃i match the AE partial waves outside a core radius rc. These two wave

functions are constructed to have the same value and slope at the boundary rc.

The projector function pi, which is localized within the core region, satisfies the orthogo-

nality condition ⟨p̃i|φ̃ j⟩= δi j.

The PAW method is commonly used alongside the frozen core approximation, which as-

sumes that core states remain unaffected by their surrounding ionic environment. Addition-

ally, several online repositories provide precomputed atomic PAW data for use in electronic

structure calculations.

The PAW method, as implemented in VASP [74, 76], has been used in this thesis.

2.3.7 Ab-initio molecular dynamics

Molecular dynamics (MD) simulations model the time-dependent behavior of systems at

the atomic scale. In quantum mechanical molecular dynamics (MD), atomic motion follows

Newtonian classical mechanics, while forces are determined using quantum mechanics. A

particle that starts at position −→r0 with an initial velocity −→v0 and experiences a force
−→
F over

time t moves to a new position
−→
r(t) based on the classical physics equation:

−→r (t) =−→r0 +
−→v0 t +

1
2
−→a t2, −→a =

−→
F /m,

−→
F =− dU

d−→r
(2.3.56)
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Here, U is the interparticle potential and acceleration is denoted as −→a . the latter is assumed

to be constant over the time interval t. However, since acceleration isn’t actually constant,

this is an approximation that becomes more accurate as the timestep is reduced. Without

temperature control, a molecular dynamics simulation functions as a microcanonical en-

semble (constant N,V,E). The resulting temperature can be unpredictable and may become

very high if the system starts with excessive potential energy due to poor initial geometry.

To transition to a canonical ensemble (constant N,V,T ), a thermostat algorithm is required

to maintain temperature control. Temperature is linked to particle velocities through the

equipartition of energy principle.

K =
N

∑
i=1

1
2

miv2
i =

3
2

NkBT (2.3.57)

where K is the total kinetic energy, kB is the Boltzmann constant and N is the total number

of particles. The basic thermostat equation that can be applied at each timestep can be

written as :
−→vi

scaled =

√
T desired

T
−→vi (2.3.58)

However, this crude approach has limitations and a better algorithm, called the Nose-

Hoover thermostat, has been implemented in this thesis. This introduces a friction coef-

ficient like term ζ , which accelerates or decelerates particles until desired temperature T is

reached. The equation of motion in such a case can be written as:

−→vi
scaled =

−→pi

mi
, d−→pi = (

−→
F −ζ

−→pi )dt, dζ =
1
Q
(

N

∑
i=1

|−→pi |2

mi
− (3N +1)kBT )dt (2.3.59)

where the parameter Q controls the coupling of the heat bath to the system by determining

the relaxation of the system’s dynamics under the influence of friction.

One possible approach to integrate electronic structure with molecular dynamics to calcu-

late the forces is as follows.

Starting with an initial set of nuclear positions
−→
R1,

−→
R2....

−→
RN , the ground state density n0(r)

and corresponding single particle wavefunctions ψ
(0)
1 ,ψ(0)

2 ...ψ(0)
N are found by minimizing

the energy functional. Then the forces between nuclei can be expressed in terms of the

Hellman-Feynman forces:
−→
FI =− ∂

∂
−→
RI

E[ψ(0),
−→
R ] (2.3.60)

The calculated forces are subsequently applied in a numerical integration procedure along

91



2.4. Force field and classical molecular dynamics

with the initial nuclear velocities. A molecular dynamics step is carried out that derives new

positions and velocities. The energy functional is again minimized at these new nuclear

positions to find a new set of forces, which are subsequently applied for the subsequent

MD step. This is repeated until a full trajectory is obtained.

2.4 Force field and classical molecular dynamics

Atomistic simulation allows for the investigation of material behavior at the atomic level

through the observation of how atoms interact in a structure. Several phenomena, such as

material deformation and defects, require atomic-level precision and a deep understanding

of atomic interactions.

The initial step in an atomistic simulation is to build a material structure with a collection

of atomic coordinates. In the case of solids, this typically involves creating a crystal lattice

and placing atoms at its lattice sites. Then, the simulation needs an energy functional or

potential to describe the atomic interactions.

Selecting a potential is one of the greatest challenges. It can be derived from either quan-

tum mechanics or classical dynamics. The quantum method(see section 2.3.7 ) is more

accurate as it takes into account the electronic structure of every atom, but it is compu-

tationally costly and only feasible for a few atoms. Classical molecular dynamics (MD)

is simpler because it substitutes electronic degrees of freedom with an effective potential

and forces between nuclei. A rudimentary, empirical potential is the Lennard-Jones(LJ)
potential that describes the interaction between a pair of neutral atoms or molecules based

on their distance. It is especially useful for modeling van der Waals forces and short-range

repulsion. The total energy can be written as:

E = ∑
i

∑
j>i

4ε

[(
σ

ri j

)12

−
(

σ

ri j

)6
]

(2.4.1)

where ε is the depth of the potential well and σ is the distance at which the potential energy

is zero. The Embedded Atom Method (EAM) is used for simulating metals and alloys

better than LJ-potential. The driving idea is that an atom’s energy depends not only on its

pairwise interactions but also on the (spherically symmetric) electron density contributed

by surrounding atoms. The total energy can be written as :

E = ∑
i

Fi(∑
j ̸=i

ρ j(ri j))+(1/2)∑
i< j

φi j(ri j) (2.4.2)
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where F is the embedding energy to place atom i into the electron cloud of neighbors of

density ρ ,and φ is the pair potential interaction. The Modified Embedded Atom Method
(MEAM) extends EAM by including an explicit three-body term to accommodate direc-

tional bonding. The total energy in MEAM is given by:

E = ∑i Fi(ρ̄i)+(1/2)∑i, j φi j(ri j) (2.4.3)

ρ̄i = ∑ j ̸=i ρ j(ri j)+1/2∑ j,k ̸=i fi j(ri j) fik(rik)gi(cosθ jik) (2.4.4)

where the functions ρ j(ri j),φi j(ri j) and Fi are adapted from EAM. The three-body de-

pendence is considered in the local electron density through terms like angular function

gi(cosθ jik) and radial function fi j(ri j), where θ jik is the angle between atoms j,i,k centered

at i.

Although this approach enables simulations of larger atomic systems, it loses some accu-

racy because of the lack of detailed electronic structure calculations. Moreover, for several

complex classes of materials, feasible potentials are currently unavailable. Thus, compared

to the quantum counterpart,albeit being less resource intensive, the classical models lack

certain accuracy and adaptability.

Machine learning based methods, in the form of Machine Learning Interatomic Potentials

(MLIPs), have recently entered the picture with the aim of solving the aforementioned is-

sues in atomistic simulations. These approaches involve describing the PES as a function of

local environment descriptors invariant to rotation,translation, and permutation of homonu-

clear atoms. Trained over a diverse set of atomic configurations and the corresponding

energy, force and stress data obtained from first-principle calculations , MLIPs display re-

markable flexibility and accuracy over traditional interatomic potentials, are faster to gen-

erate new models, have comparable accuracy to first principle methods and can iteratively

reinforce itself. Most importantly, since they use similar platform as utilized in general

classical molecular dynamics procedure, they can be employed to simulate large systems

and variable temperatures.

In this thesis, a class of MLIP, called the Moment Tensor Potential are generated using the

MAML package[77] and atomistic simulations are performed in LAMMPS[78].

2.4.1 Moment Tensor Potential

The Moment Tensor Potential (MTP) is a type of local potential, similar to many other inter-

atomic potentials. To develop this potential, the system’s total energy, EMT P, is represented

as a sum of individual atomic contributions. Each atom i in a system containing N atoms

contributes an energy term, denoted as V (ui), where ui represents the local environment of
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atom i within a predefined cutoff radius, Rcut, as seen in Figure 2.13.

Figure 2.13: The neighborhood of the ith atom includes only atoms within the cut-off radius
Rcut that interact with the central atom.

EMT P =
N

∑
i=1

V (ui) (2.4.5)

The neighborhood can be expressed as:

ui = ({ri1,zi,z1}, ....,{ri j,zi,z j}, ...,{riNNeigh,zi,zNNeigh}) (2.4.6)

Here, ri j represents the interatomic vectors connecting the central atom to its neighboring

atoms. The variables zi and z j indicate the types of the central and neighboring atoms,

respectively, while Nneigh denotes the number of atoms within the defined neighborhood.

Each contribution of V to the total energy can be expanded using a set of basis functions,

denoted as Bα .

V (ui) = ∑
n

ηαBα(ui) (2.4.7)

Here, η = {ηα} represents a set of parameters obtained through fitting. The basis functions

are constructed from all possible contractions of the moment tensor descriptors, Mµν , that

result in a scalar quantity [79]. Each of these descriptors is composed of a radial and an

angular component, which are defined as follows:

Mµν(ri) =
NNeigh

∑
j=1

fµ(|ri j|,zi,z j)r
⊗

ν

i j (2.4.8)
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The first component, fµ(|ri j|,zi,z j), represents the radial part, which depends solely on the

distance between atoms i and j as well as their types. This function can be expressed as

a combination of radial basis functions, φβ (|ri j|), each multiplied by a smearing factor to

ensure smoothness.

fµ(|ri j|,zi,z j) =
NQ

∑
β=1

c(β )µ,z,z jφβ (|ri j|)(Rcut −|ri j|)2 (2.4.9)

where the parameters c = {c(β )µ,zi,z j} represent a set of NQ radial coefficients that are deter-

mined during the training process. The second component encodes the angular characteris-

tics of the local neighborhood ni. This angular term, represented as ri j
⊗

· · ·
⊗

ri j (repeated

ν times), forms a tensor of rank ν , where ri j denotes the vector from atom i to atom j. The

symbol
⊗

represents the outer product of these vectors. To construct the basis functions,

the level of moments is defined as follows:

lev(Mµν) = 2+4µ +ν (2.4.10)

The coefficients 2, 4, and 1 mentioned above are fixed, as they have been found to be opti-

mal through various tests [80]. The resulting basis functions are designed to be invariant to

rotations, reflections, and atomic permutations. The functional form of the Moment Tensor

Potential (MTP) is controlled by two key hyperparameters: NQ and levmax. While the num-

ber of basis functions and their associated coefficients, η , grows exponentially with levmax,

the number of radial functions, fµ , increases proportionally to O(NQ levmax).Therefore,

these two hyperparameters should be selected to achieve an optimal balance between accu-

racy and computational efficiency.

The parameters η and c are optimized by solving a minimization problem.

K

∑
k=1

[we(EAIMD
k −EMT P

k )2 +w f ( f AIMD
k,i − f MT P

k,i )2 +ws(σ
AIMD
k,i j −σ

MT P
k,i j )2]→ min (2.4.11)

Here, K represents the total number of configurations in the training set, while we, w f ,

and ws are weighting factors that determine the relative importance of energy, force, and

stress in the optimization process. The terms EAIMD
k , f AIMD

k,i , and σAIMD
k,i j correspond to the

energies, atomic forces, and stresses obtained from the training set generated using AIMD.

Meanwhile, EMT P
k , f MT P

k,i , and σMT P
k,i j are the respective values computed using the trained

MTP.
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3
Machine learning classification of binary
semiconductor heterostructures

3.1 Introduction and Motivation

Semiconductor heterojunctions are formed by interfacing two different crystalline semi-

conductors with unequal bandgaps. They have found ubiquitous applications such as light-

emitting diodes[1], photovoltaic devices[2], gas sensors[3], etc. When two semiconductor

materials with different band gaps are joined, discontinuities arise at the interface between

their valence band maxima and conduction band minima. These discontinuities create bar-

riers to electrical transport across the interface. The performance of semiconductor devices

critically depends on the band edge discontinuities, also called valence band offsets (VBO)

and conduction band offsets (CBO), and the quality of the interface, including its roughness

and the absence of defects[4]. The alignment of the bands distinguishes the heterostructures

into classes, as introduced in Section 1.1.1.1. In short, in a type-I heterostructure, the band

alignment causes the valence and conduction band offsets to have opposite signs. As a

result, both the conduction and valence band edges of semiconductor A (the material with

the smaller band gap) are positioned within the energy gap of semiconductor B (the ma-

terial with the larger band gap). In a type-II heterostructure, which includes both type-II

staggered and type-II misaligned(sometimes called Type-III) configurations, the conduction

and valence band offsets have the same sign. Thus, designing semiconductor heterostruc-

tures of a specific type requires careful material selection, which is challenging due to the

vast number of possible combinations. Traditional approaches, such as empirical trial-and-

*This chapter is based on publication: Samir Rom†, Aishwaryo Ghosh†, Anita Halder†, and Tanusri
Saha-Dasgupta, Physical Review Materials 5, 043801 (2021). († These authors contributed equally to this
work)
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error and first-principles methods, are often costly, time-consuming, and inefficient. On the

other hand, machine learning, by leveraging pattern recognition, can significantly reduce

the effort required and accelerate the development process. Thus,in this study, we employ

a step-by-step approach to predict the type of semiconductor heterostructure by integrating

a database-driven materials search with machine learning techniques. Given the vast phase

space of potential candidate materials, including elemental, binary, ternary semiconductors,

and their alloys, we narrow our focus to heterostructures formed specifically by combining

elemental and binary semiconductors.

In an ideal interface, the valence and conduction band offsets are primarily governed by the

intrinsic properties of the semiconductors in contact. The band gap difference between the

two semiconductors forming the junction establishes the sum of the valence and conduc-

tion band offsets. However, determining the relative energy positions of the valence band

maximum (VBM) and conduction band minimum (CBM) at the interface, known as ”band

alignment,” is more challenging. Highly accurate methods for calculating band gaps and

band alignment include many-body perturbation theory[5], hybrid exchange-correlation

functionals[6], time-dependent density functional theory (TDDFT)[7], and quantum Monte

Carlo[8] calculations. However, these approaches are computationally expensive compared

to conventional density functional theory (DFT) calculations using the local density approx-

imation (LDA) or generalized gradient approximation (GGA) for exchange-correlation.

Due to their high computational cost, they are not well-suited for high-throughput cal-

culations. Here, we utilize an existing, digitally accessible electronic-structure database[9]

and apply a scissor shift[10] to rigidly adjust conduction bands, ensuring accurate band

gap values. Using band-structure information, we compute the branch point energy[11],

which serves as a reference for absolute energy levels in band alignment. This approach

has been highly successful, as validated against both experimental data and first-principles

calculations[11], enabling the rapid screening of a vast number of materials using only

electronic-structure data from online databases. To further validate the accuracy of this

method in predicting heterostructure types, we compare our results with 31 available ex-

perimental data points and perform first-principles calculations on selected heterostructures

using hybrid functionals[12].

While our analysis confirms that predicting heterostructure type based on constituent ma-

terials is a rational approach, the next step is to develop a machine learning (ML) model

using features derived from the band structure of the semiconductors. However, the avail-

able dataset of heterostructures with known types is too small for effective ML application.

To address this, we employ the Synthetic Minority Oversampling Technique (SMOTE)[13],

which not only corrects class imbalance but also expands the dataset to a reasonable size of
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3.2. Heterostructure type prediction using constituent band structures

78 samples, making it suitable for ML training. Using this expanded dataset, we construct

our ML model with the Least Absolute Shrinkage and Selection Operator (LASSO)[14].

Furthermore, extending this approach to nanoscale heterostructures successfully captures

some of the available experimental data, demonstrating its broader applicability.

3.2 Heterostructure type prediction using constituent band

structures

A complete understanding of the electronic structure of semiconductor heterostructures re-

quires detailed knowledge of the interface, which is often experimentally inaccessible or

computationally expensive in high-throughput studies. A more practical approach would

be to predict the type of heterostructure solely based on the intrinsic properties of the indi-

vidual semiconductors: specifically, their band gaps and relative energy alignment. If this

approach proves viable, machine learning models can be designed to accurately capture the

band-structure properties of individual semiconductors, eliminating the need for complex

interface-specific calculations. In order to fix the universal energy level for band alignment

without undertaking expensive calculations, in this study the branch point energy(EBP) is

used[5, 15, 16], considering negligible interface dipoles. It can be connected to the bulk

band structure of a semiconductor as[16]:

EBP =
1

2Nk
∑
k
(

1
Nc

Nc

∑
ci

εci(k)+
1

2Nv

Nv

∑
ci

εcv(k)) (3.2.1)

Here, Nk represents the number of k-points in the Brillouin zone, while εv and εc denote the

energy eigenvalues of the valence and conduction electrons, respectively. Nc and Nv corre-

spond to the number of conduction and valence bands, respectively. We use bandstructure

information from Materials Project[17]. However, the bandstructures obtained are suscep-

tible to the bandgap problem of DFT. To resolve this issue, we resort to a two-pronged

approach to calculate a scissor shift, which rigidly shifts the conduction bands to achieve

more accurate band gaps. First, given availability, the bandgaps are corrected to experi-

mental values. When such information is not available, the linear bandgap correction, as

described in [10], is used. EBP is shifted by half the band-gap correction. The predicted va-

lence band offsets (VBO) and conduction band offsets (CBO) using the proposed scheme

show strong agreement with experimentally reported values. The correlation coefficients

are 0.98 for VBO and 0.83 for CBO, indicating a high fidelity in the predictions (c.f Figure

3.1). We observe that the valence band offset (VBO) predictions exhibit superior accuracy

compared to conduction band offset (CBO) predictions. This is expected, given the inherent
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challenges in accurately predicting band gaps.
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Figure 3.1: A comparison of valence band offset (VBO) (left) and conduction band offset
(CBO) (right) values from the literature with those obtained using corrected DFT band
gaps and branch point energy.

With confidence in our predicted valence band offset (VBO) and conduction band offset

(CBO) values derived from the band structures of constituent semiconductors, we proceed

to construct a heterostructure heatmap. This heatmap includes all known combinations of

elemental and binary semiconductors, categorizing them as either type I or type II het-

erostructures. Among the 903 possible heterostructures, only 31 have been experimentally

realized or studied in detail, with their types known. Our predictions align perfectly with

these 31 cases. For the remaining 872 unexplored combinations, our analysis based on

band-structure information suggests that approximately 40% (348 cases) are type I, while

60% (524 cases) are type II, highlighted in orange and red, respectively, in Figure 3.2.

These findings open new possibilities for designing both types of heterostructures that are

yet to be investigated. This exercise further confirms that prediction of the heterostructure

type can be made accurately using only the band structure information of the constituent

semiconductors. Based on this insight, our machine learning study focuses on developing a

predictive model that relies solely on features pertaining to the individual semiconductors.

3.3 Machine Learning

The machine learning workflow in this study follows a systematic approach, as illustrated

in Figure 3.3. The key steps include:

• Dataset Construction: Collecting known bulk semiconductor heterostructures along
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3.3. Machine Learning

Figure 3.2: Elemental and binary semiconductor heterostructures classified as type 1 (or-
ange) or type 2 (red) based on the band structure of constituent semiconductors. Het-
erostructures with experimentally synthesized or theoretically calculated types, validated
against the prediction, are shown in light green (type 1) and dark green (type 2).

with their type classification (Type I or Type II).

• Dataset Expansion: Addressing class imbalance by generating synthetic data using

a minority oversampling technique.

• Feature Engineering: Extracting relevant features from constituent semiconductors.

• Model Selection: Evaluating different regression models based on cross-validated

error to identify the best performing one.

• Conversion to Classification: Transforming the selected regression model into a
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3.3. Machine Learning

binary classification model for distinguishing between Type I and Type II.

• Heterostructure Type Prediction: Applying the trained model to predict the type

of heterostructures.

Figure 3.3: The workflow adapted for the prediction of semiconductor heterostructure type

3.3.1 Experimental literature on elemental and binary semiconductor
heterostructure

An extensive literature review on heterostructures formed by elemental and binary semi-

conductors, with their types classified, identified a total of 31 known heterostructures: AlP-

GaP[18], AlSb-ZnTe[19], GaAs-AlAs[18], GaSb-AlSb[18], Ge-AlAs[20], Ge-GaAs[20],

Ge-ZnSe[20], InN-GaN[21], InN-ZnO[22], InP-GaAs[23], InP-InAs[23], Si-GaP[19], ZnSe-

GaAs[20], CdS-CdSe[24], CdS-CdTe[24], CdSe-CdTe[24], GaN-Si[25], GaN-ZnO[26],

Si-In2O3[27], Si-ZnO[28], Si-SnO2[28], ZnSe-CdTe[29], ZnSe-ZnTe[30], InN-In2O3[31],

AlN-Si[25], GaN-AlN[16], ZnS-ZnSe[30], ZnS-ZnTe[30], InN-AlN[32], ZnTe-GaSb[19],

and AlSb-InAs[33]. AlSb-ZnTe, GaAs-AlAs, GaSb-AlSb, Ge-AlAs, Ge-GaAs, Ge-ZnSe,

InN-GaN, InN-ZnO, InP-InAs, Si-GaP, ZnSe-GaAs, CdS-CdSe, ZnSe-CdTe, InN-In2O3,

AlN-Si, GaN-AlN, ZnS-ZnSe, ZnS-ZnTe, InN-AlN, and ZnTe-GaSb are characterized as

type-I heterostructures, the rest being type II.
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3.3.2 Synthetic data generation

Our original training dataset, constructed from information found in the literature, consists

of only 31 bulk heterostructures, which is too small for machine learning to make meaning-

ful predictions. Additionally, this dataset comprises 20 (≈ 64.5%) type-I heterostructures

and 11 (≈ 35.5%) type-II heterostructures, resulting in both a limited dataset size and a

significant class imbalance. Thus, using this dataset in this form carries the risk of misclas-

sifying the minority class. To handle this, we employ a minority oversampling technique

called SMOTE(see Method section 2.2.1.3 for details). In this study, we use four near-

est neighbors, which we found to be the optimal number for our dataset. The quality of

the original dataset with 31 data points, as well as the SMOTE-corrected and expanded

dataset with 78 data points, is evaluated using a random forest model. The confusion ma-

trix analysis demonstrates a significant improvement in the expanded dataset compared to

the original dataset. The false positive and false negative prediction rates for the expanded

dataset were reduced to 16%, compared to 42% for the original dataset, as shown in Table

3.1. The enhanced performance of the extended dataset is also reflected in the F1 score,

which increased from 0.56 for the original dataset to 0.83 for the expanded dataset.

Table 3.1: Confusion matrix for the original (expanded) dataset.

Type-I predicted Type-II predicted
Type-I actual 15 (33) 5(7)
Type-II actual 8 (6) 3(32)

3.3.3 Feature Space

Various features have been proposed as predictors for material properties, particularly for

band-gap prediction using machine learning. Previous studies have employed different

feature spaces and models, achieving varying levels of accuracy. Zhuo et al.[34] used 136

engineered elemental features with a support vector regression (SVR) model trained on

3,896 semiconductors, achieving a root mean square error (RMSE) of 0.45 eV. Lee et al.[35]

used 18 features, including elemental properties and low-level DFT results, to train an SVR

model on 270 binary and ternary semiconductors, achieving a RMSE of 0.24 eV. Similarly,

Weston et al.[36] trained an SVR model on 284 I2-II-IV-VI4 kesterite compounds using 12

elemental features and obtained an RMSE of 0.28 eV.

In the present study, we begin with 12 elemental properties for each of the four elements

forming the heterostructure(c.f Table 3.2).

This results in a 48-dimensional feature space, to which the generalized gradient approx-

imation (GGA) band gaps of semiconductor A and B are added, creating a total of 50
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Table 3.2: List of 12 Different Attributes Used in the ML Algorithm

Sl No Name of attribute
1 Pauling electronegativity
2 covalent radius
3 atomic number
4 atomic weight
5 melting temperature
6 ionization energy
7 period number
8 number of valence electrons
9 density

10 number of s-electrons
11 number of p-electrons
12 atomic radius

features.

The best features for predicting the valence band offset (VBO) and the conduction band off-

set (CBO) are analyzed using the violin plots in Figure 3.4. The x-axis represents different

features, while the y-axis shows the standardized values and their distributions. Standard-

ized values, derived using the formula x′ = (x− µ)/σ , where µ is the mean and σ is the

standard deviation, allow a direct comparison of characteristics with different scales.

For heterostructures formed by two binary semiconductors, A and B, with elements A1,

A2, B1, and B2, we identify the most relevant features by performing linear regression on

valence and conduction offsets. Features are ranked by their prediction errors, and the top

five features with the lowest errors for both VBO and CBO are highlighted in the figure.

Although the original 50-dimensional feature space performs reasonably well in predict-

ing the magnitude of band offsets using regression techniques, it is inadequate to classify

the type of heterostructure. Accurate prediction of heterostructure type requires substan-

tial feature engineering. As an initial approach, we construct differences, means[34], and

feature transformations such as exponentiation[37], as previously implemented in similar

contexts. However, these do not significantly improve classifier performance. Following

the methodology proposed by Weston et al.[36], we expand the feature space by generating

polynomial combinations of the original 50 features. Employing third-order polynomial

combinations increases the feature count to 23,425, and results in a classification accuracy

of 86% that is comparable to accuracy achieved in the indirect-to-direct bandgap classifica-

tion task reported in[36].
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Figure 3.4: A violin plot illustrating the distributions of the predominant features used for
predicting valence band offset (VBO) on the left and conduction band offset (CBO) on the
right. The x-axis represents the selected features, while the y-axis shows the standardized
values.

3.3.4 Regression

We use the LASSO algorithm( see Methodology section 2.2.1.2 for details) for the predic-

tion of band offsets in heterostructures. We employ 10-fold cross-validation to evaluate the

accuracy of our model. The results indicate a mean absolute error of 0.25 eV for valence

band offset (VBO) prediction, while the corresponding error for conduction band offset

(CBO) is 0.40 eV. This confirms that predicting the conduction band offset based on the

properties of individual semiconductors is more challenging than predicting the valence

band offset, as previously observed in Figure 3.1. However, despite this difference in ac-

curacy, the predictions remain reliable enough to effectively distinguish between type I and

type II heterostructures. In this context, it is insightful to compare the mean absolute error

(MAE) reported in the literature for machine learning models that predict the band gap of

single semiconductors. Xie and Grossman[38] reported a band-gap MAE of 0.388 eV. Pi-

lania et al.[39] achieved an MAE of 0.45 eV using multi-fidelity machine learning models

for accurate bandgap prediction of solids. Similarly, Gladkikh et al.[40] reported an MAE

of 0.5 eV for predicting the band gaps of ABX3 perovskites based on elemental properties.

Compared to these values, our MAE seems to be within an acceptable range.

3.3.5 Classification

Finally, we classify the heterostructure types based on the sign of the predicted offsets.

If the predicted valence and conduction band offsets have opposite signs, the classifier

predicts a type I heterostructure; if they have the same sign, it predicts type II. Thus, only

the signs of the cross-validated predictions matter for classification. Similar classification
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Figure 3.5: The machine learning classification model for semiconductor heterostructures
is validated utilizing an expanded training set of 78 samples. The results of classifica-
tion are plotted in a bar chart where true positive instances (rightly classified type I) and
true negative instances (rightly classified type II) are denoted by green bars. In contrast,
misclassified instances are noted with red bars, where false positives are equal to cases
incorrectly labeled as type I, and false negatives equal cases mislabeled as type II.

problems in the literature have been addressed using logistic models. In our case, a logistic

model with 10-fold cross-validation correctly predicted 58 instances while misclassifying

20. However, the LASSO model with 10-fold cross-validation showed improved accuracy,

correctly predicting 67 out of 78 instances, with 11 misclassified cases(c.f Figure 3.5).

Upon analyzing these 11 misclassified cases, we find that five belong to the original dataset,

while six are from the synthetic dataset. Only two errors resulted from a sign mismatch in

the valence offset, whereas nine were due to sign mismatches in the conduction offset.

Notably, in nine of these cases, the misclassification is due to the difficulty in predicting

small offset values (approximately 0.2 eV or less).

Using our machine learning model, we predict the types of possible heterostructure com-

binations, similar to the classification presented in Figure 3.2, but now derived from the

machine learning algorithm. Among the 903 possible heterostructures, we observe a per-

fect match between the machine learning predictions and band alignment-based predictions

in 89% of cases. This high level of agreement, as illustrated in Figure 3.6, validates the ef-

fectiveness of machine learning as a cost-efficient approach for predicting heterostructure

types.
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Figure 3.6: The machine learning (ML)-predicted semiconductor heterostructures. Cases
where the ML predictions match the band alignment predictions are shown in cyan. Mis-
matched cases are categorized into two groups: dark blue/blue for instances where ML
predicts type 2 while band alignment predicts type 1, and red/brown for instances where
ML predicts type 1 while band alignment predicts type 2.

3.4 Dependence of heterostructure type on crystal symme-

try

We observe that the heterostructure type can depend on the crystal symmetry of the com-

ponents even for a particular combination of semiconductors. As illustrated in Figure 3.7,

three such heterostructure combinations are identified: AlP-GaP, ZnO-GaN, and ZnO-InN.

To validate this hypothesis, first-principles calculations are performed using the Vienna

Ab initio Simulation Package (VASP)[41] within the plane-wave basis framework. Due

to the significant lattice mismatch between ZnO and InN in both cubic and hexagonal
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3.4. Dependence of heterostructure type on crystal symmetry

Figure 3.7: Predicted and known binary semiconductors heterostructure types depending
on crystal structure of component semiconductors.

phases (≈8%), calculations are carried out for heterostructures between cubic-AlP/ZnO

and cubic-GaP/GaN, between hexagonal-AlP/ZnO and hexagonal-GaP/GaN, and between

cubic-AlP/ZnO and hexagonal-GaP/GaN. To construct the heterostructure models, a five-

bilayer (001) surface slab of one semiconductor is stacked on top of a five-bilayer (001)

slab of another semiconductor, forming a two-interface system within the computational

cell. The slab thickness is selected to preserve bulk atomic properties, ensuring that inter-

faces are designed to maximize heteropolar bonds. Special attention is given to maintaining

bulk-like coordination at interfacial anionic sites. The z-component of atomic coordinates,

along with the c-axis lattice constant of the supercells, is allowed to relax to release in-

ternal stress. Convergence with respect to cell size is verified by repeating calculations

with seven-bilayer (001) surface slabs. The calculations utilize a Monkhorst-Pack k-mesh

ranging from 6×6× 2 to 10×10×2, depending on the symmetry (cubic/hexagonal) and

heterostructure type (AlP-GaP/ZnO-GaN).

The top panels of Figure 3.8 depict the relaxed AlP/GaP heterostructures, considering both

cubic and hexagonal symmetries of the constituent semiconductors. At the interface, only

cation-phosphorus bonds are present, with the interfacial four-coordinated P atoms main-

taining a bonding environment similar to that found in bulk AlP or GaP. The GGA[42]

exchange-correlation functional is used to relax the geometry, while electronic calcula-

tions for interface supercells are performed using both the GGA[42] and hybrid HSE06[12]

functionals. Interestingly, although the band gap is significantly underestimated in GGA

and nearly corrected in HSE06, the heterostructure type remains unchanged regardless of

the calculation scheme used.

The bottom panels of Figure 3.8 display the density of states projected onto the AlP and GaP

bilayers for cubic-cubic, hexa-hexa, and cubic-hexa relaxed geometries within the GGA-

PBE and HSE06 calculation schemes. While the magnitudes of the valence band offset

(VBO) and conduction band offset (CBO) vary between the two calculation methods, their

signs remain consistent for the cubic-cubic combination. This confirms the experimentally

observed type II heterojunction and validates the accuracy of the first-principles calcula-

tions. Conversely, for the hexa-hexa combination, the VBO and CBO signs are different
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3.4. Dependence of heterostructure type on crystal symmetry

Figure 3.8: The top panels illustrate the relaxed heterostructure geometries of AlP-GaP
in cubic-cubic (left), hexagonal-hexagonal (middle), and cubic-hexagonal (right) crystal
structures. In these structures, Al and Ga atoms are depicted as large blue and green
spheres, respectively, while P atoms are represented as smaller spheres. The bottom pan-
els present the corresponding density of states (DOS) plots, obtained from two calculation
schemes: Generalized Gradient Approximation (GGA) (solid lines) and Hybrid Functional
HSE06 (dashed lines). The zero energy level is aligned with the respective Fermi level. The
DOS projected onto the AlP and GaP bilayers (highlighted in color in the top panels) is
shown in black and red lines, respectively, with an intentional shift for improved visual-
ization. In the GGA calculations, the valence band (VB) and conduction band (CB) edges
are indicated by vertical solid lines. Positive and negative offset values are represented by
oppositely directed arrows. The offset values in the HSE06 calculations are found to be
similar to those in GGA and are omitted for clarity.

in both GGA-PBE and HSE06 calculations, confirming its type I nature, as predicted by

band alignment and machine learning considerations in Figures 3.2 and 3.6. Similarly, the

interface between cubic AlP and hexa GaP is identified as type II, again aligning with the

predictions.

The results for ZnO-GaN are presented in Figure 3.9, with the top panels displaying the re-

laxed ZnO/GaN heterostructures in both cubic and hexagonal symmetries of the constituent

semiconductors. The bottom panels show the corresponding density of states. Unlike AlP-

GaP, which is a common-anion heterostructure, ZnO/GaN does not share a common anion

or cation. In principle, two distinct interfaces can form: one where Zn atoms bond to N

on one side and O on the other, and another where Ga atoms bond to O on one side and N

on the other. For the presented results, Zn bonded to nitrogen interfaces are considered, as

they are found to be energetically favorable.

The density of states plots confirm that ZnO-GaN forms a type II heterostructure in both

cubic-cubic and hexa-hexa configurations, while the cubic-hexa combination exhibits type

I behavior. This aligns perfectly with the predictions.
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Figure 3.9: The top panels illustrate the relaxed geometries for cubic-cubic, hexa-hexa,
and cubic-hexa configurations of ZnO-GaN, where Zn and Ga atoms are represented as
large gray and green spheres, respectively, while O and N atoms appear as smaller spheres.
The bottom panels display the density of states (DOS) obtained from two different calcu-
lation schemes—Generalized Gradient Approximation (GGA, solid lines) and the hybrid
functional HSE06 (dashed lines). The zero-energy reference is set at the respective Fermi
level. The DOS projected onto the ZnO and GaN bilayers (shaded regions in the top panels)
are shown in black and red, respectively, with a relative shift for better visualization. The
valence band (VB) and conduction band (CB) edges from the GGA calculations are indi-
cated by vertical solid lines, with positive and negative offset values marked by oppositely
directed arrows. The offset values obtained from the hybrid HSE06 calculations closely
resemble those from GGA but are omitted from the figure for clarity.

It is worth mentioning that to create a smooth interface between cubic and hexagonal sys-

tems, the cubic cell is cut along the (111) plane, which exposes a surface with an atomic

arrangement resembling hexagonal symmetry. This allows the hexagonal cell to be at-

tached seamlessly. However, the detailed structural parameters reveal key distinctions. In

the hexa-hexa configuration, the lattice parameters satisfy a=b ̸=c, with values of a=b=7.771

Å /6.578 Å and c=38.500 Å/26.400 Å for AlP-GaP and ZnO-GaN, respectively. In contrast

for cubic-hexa we get a (6.745 Å/3.274 Å for AlP-GaP/ZnO-GaN) ̸= b (7.788 Å/5.671 Å

for AlP-GaP/ZnO- GaN) ̸= c (38.300 Å/31.800 Å for AlP-GaP/ZnO-GaN).

Our study underscores that the heterostructure type can be significantly influenced by the

crystal structure of its constituent materials, emphasizing the need for experimental valida-

tion.

3.5 Application to nanoscale

We also explore whether our method can be extended to nanoscale heterostructures. Het-

erostructures composed of two different semiconductor quantum dots (QDs) in a coupled
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Figure 3.10: A comparison between predicted and experimentally measured[43] valence
(HOMO) and conduction (LUMO) offsets in coupled quantum dots (QDOTs) of 2.5 nm
ZnSe and CdS. The results consider varying sizes of CdS QDOTs—1.3 nm, 2.1 nm, and 2.8
nm—marked in different colors for clarity. Predictions account for both cubic and hexag-
onal crystal symmetries. The bottom panel focuses on the predicted HOMO offset(blue)
for common-anion and common-cation II-V A12B12 semiconductors. These predictions are
compared with computed values from prior studies[44], with the computed offsets scaled
by a factor of 10(green).

quantum dot geometry exhibit band offsets in both the conduction and valence bands. These

offsets are primarily dictated by the relative alignment of energy levels between the two

QDs. The magnitude of these offsets is strongly influenced by the band gaps of the individ-

ual QDs, which, in turn, depend on their sizes.

The available data on nanoscale heterostructures remain extremely limited. A thorough lit-

erature search revealed only two relevant prior studies. One experimental study[43] demon-

strated that the band offset at the interface of heterostructures could be selectively tuned by

adjusting the size of CdS quantum dots (QDs) while keeping ZnSe QDs at a fixed size. This

finding highlights the impact of quantum confinement on band alignment.

Additionally, a computational study[44] investigated interfaces between small A12B12 nan-

oclusters composed of 12 cations and 12 anions, where A = Cd/Zn and B = S/Se/Te. These
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clusters exhibit a unique structural arrangement, consisting of six-member, four-member,

and two-member rings, with 2-bond and 6-bond configurations analyzed in the study. Us-

ing energy-resolved first-principles charge density plots, the study computed the offsets in

the highest occupied molecular orbital (HOMO) and lowest unoccupied molecular orbital

(LUMO), which correspond to the valence band offset (VBO) and conduction band offset

(CBO) in bulk materials.

To describe such a situation, we apply the band alignment algorithm, which utilizes bulk

band structure information from the Materials Project, corrected by scissor shift and quan-

tum confinement correction. The quantum confinement correction is given by the Brus

equation[45]:

∆Eg =
h̄2

π2

2R2 (
1

m∗
e
+

1
m∗

h
) (3.5.1)

where R gives the nanocrystal radius and m∗
e and 1

m∗
h

are electron and hole effective masses,

respectively, which can be derived from band curvatures at the CBM and VBM, using

parabolic fits.

As shown in the top panel of Figure 3.10, even with this approximate approach, the ex-

perimental trend of size-dependent conduction band offset (CBO) and valence band offset

(VBO) between a 2.25-nm-sized ZnSe quantum dot (QDOT) and CdS QDOTs of sizes

1.3 nm, 2.1 nm, and 2.8 nm is successfully reproduced, provided that the cubic symmetry

is chosen for CdS. Experimentally, both ZnSe and CdS QDOTs were observed to exhibit

cubic symmetry, aligning well with our predictions.

Predicting the electronic properties of small nanoclusters containing only 24 atoms based on

bulk properties presents a significant challenge. A comparison between the energy required

to create low-energy excitons, as calculated using Brus’s model, and experimental results

reveals a marked deviation at radii of approximately 1 nm[46]. Despite this limitation, we

conduct a band alignment analysis of AB-coupled quantum dots (QDOTs) for common

anion and common cation heterostructures, including CdS-ZnS, CdSe-ZnSe, CdTe-ZnTe,

ZnS-ZnSe, CdS-CdSe, ZnSe-ZnTe, CdSe-CdTe, ZnS-ZnTe, and CdS-CdTe, assuming a

radius of 0.4 nm and cubic (hexagonal) symmetry for CdTe, ZnS, ZnSe, and ZnTe (CdS

and CdSe). While the absolute values of the offsets are found to be off by a factor of

10 compared to first principles calculations on A12B12 nanoclusters, the overall trend of

valence band offsets (HOMO offsets) is successfully reproduced. Specifically, a decrease

in HOMO offset is observed when transitioning from 3p (S) to 4p (Se) to 5p (Te) in common

anion systems, while an increase in valence band offset (VBO) is noted between 4d (Cd)

and 3d (Zn) in common cation systems. This consistency with expected chemical trends
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highlights the applicability of this approximate scheme in capturing essential electronic

property variations in nanoscale heterostructures.

To evaluate the applicability of machine learning (ML) in predicting nanoscale heterostruc-

tures, we expand our dataset by applying the Synthetic Minority Over-sampling Technique

(SMOTE). Initially, the dataset consists of 31 bulk heterostructures and five nanoscale het-

erostructures, with two of the nanoscale heterostructures classified as type I and three as

type II. To enhance the dataset with synthetic data, we incorporate two additional features

representing the quantum confinement correction terms for semiconductors A and B. The

application of SMOTE results in an expanded dataset of 78 heterostructures, with 57 (ap-

proximately 73.08%) belonging to the bulk category and 21 (approximately 26.92%) clas-

sified as nanoscale heterostructures. Within this dataset, 38 (approximately 48.71%) are

type I heterostructures, while 40 (approximately 51.28%) are type II. The performance of

the ML model improves significantly, with the F1 score increasing from 0.58 in the original

dataset (36 heterostructures) to 0.83 in the SMOTE-corrected dataset (78 heterostructures),

demonstrating the effectiveness of SMOTE in balancing the dataset. With the inclusion of

nanoscale heterostructures, the mean absolute error (MAE) values are recorded as 0.29 eV

for the CBO and 0.49 eV for the VBO. The ML classification model achieves an overall

accuracy of 82% across the 78 instances. The slight decrease in accuracy compared to that

of the bulk-only dataset is attributed to the limited availability of nanoscale heterostructure

data in the existing literature, which restricted the size and diversity of the training dataset.

3.6 Summary and Discussion

The design of heterostructures of a specific type, achieved by combining two semicon-

ductors with comparable lattice constants but varying band gaps, is a crucial area in the

semiconductor industry. This process inherently involves materials engineering, which can

follow two main approaches: an experimental route that demands significant costs and ef-

forts in synthesis and characterization or a computational path relying on first-principles

calculations. The latter approach requires large simulation cells containing tens to hun-

dreds of atoms and necessitates accurate numerical schemes that go beyond conventional

density functional theory (DFT)[47, 48]. In this study, we propose and demonstrate that

machine learning can serve as a viable alternative to material selection in semiconduc-

tor heterostructure design with a targeted heterostructure type. While machine learning

approaches have been previously applied for band-gap prediction of semiconductors, to

the best of our knowledge, no prior study has focused on predicting heterostructure types,

which presents a greater challenge. By validating our approach on a few synthesized bulk

semiconductor heterostructures with known classifications, we extend our predictions to a
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large set of 872 bulk semiconductor heterostructures that have either not yet been synthe-

sized or remain uncharacterized in terms of their heterostructure type. These predictions

reveal an intriguing insight: the crystal structure of the constituent semiconductors plays

a crucial role in determining whether a heterostructure adopts a type I or type II configu-

ration. A key limitation in the selection of semiconductor heterostructure materials is the

requirement of lattice matching, as coherent growth requires minimal lattice mismatch to

allow epitaxial deposition of one material on another[49]. However, alternative techniques

such as heteroepitaxy[50], mechanical-thermal direct bonding[51], and grafting[52] have

been explored to enable the formation of lattice-mismatched heterostructures. In particular,

successful lattice mismatch heterostructures have been experimentally realized for systems

like Ge/Si, Si/GaAs, GaAs/GaN, and Si/GaN, despite lattice mismatches of 4.2%, 4.9%,

77.1%, and 70.2%, respectively. Among the 872 yet-to-be-synthesized heterostructures

predicted in this study, 139 cases exhibit a lattice mismatch of less than 2%, while 466

cases show a mismatch within 6%, making their experimental realization highly proba-

ble. Furthermore, the promising performance of our machine learning scheme in predicting

nanoscale semiconductor heterostructures strengthens the case for its broader applicability.
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4
Understanding the Trend in Core-Shell
Preferences for Bimetallic Nanoclusters:
A Machine Learning Approach

4.1 Introduction and Motivation

Bimetallic nanoclusters, composed of atoms of two different metallic elements, can gen-

erally have three structural patterns(see section 1.1.2.3.2) - core-shell, Janus and mixed(c.f

Figure 4.1(A) for schematic representation). Nanoclusters in which one metal core is rela-

tively enriched by the shell of the other form a core–shell structure. In Janus morphology,

two types of atoms are segregated to two sides of the cluster, while in mixed alloys the

different atoms are randomly distributed. Bimetallic nanoclusters are significant due to

their enhanced catalytic[1], biomedical[2–4], magnetic[5], and optical[6] properties com-

pared to their monometallic counterparts. Despite their significant technological relevance,

a complete microscopic understanding necessary for the effective design of nanoalloys

in core–shell morphology remains elusive. Key factors often cited include cohesive en-

ergy, surface energy, atomic radii, and electronegativity. Previously, a database of surface-

segregation energy for a single impurity on an FCC lattice using density functional theory

(DFT) was established[7]which have been used to explain qualitative trends in the segre-

gation behavior of bulk binary alloys, although segregation energy is expected to vary with

temperature and composition. Building on this approach, Wang and Johnson[8] investi-

gated a database of segregation energy (SE) for single-atom binary alloys in small nanopar-

This chapter is based on publication: Aishwaryo Ghosh, Soumendu Datta, and Tanusri Saha-Dasgupta,
Journal of Physical Chemistry C 126.15 (2022).
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4.1. Introduction and Motivation

Figure 4.1: (A) Possible arrangements of A (magenta) and B (green) metals in a binary
alloyed nanocluster, featuring core–shell, Janus, and mixed structural patterns. (B) A pe-
riodic table highlighting metals, metalloids, and nonmetals, with the metal/metalloid ele-
ments considered in this study shown as hashed.

ticles of late transition metals, emphasizing the roles of cohesive energy and Wigner–Seitz

radii. More recently, the segregation behavior of single-atom binary alloys comprising 12

late transition metals has been studied[9] using DFT, highlighting the influence of mag-

netism, correlation, and strain. A classical simulation study involving Monte Carlo (MC)

molecular dynamics (MD) of 47 binary metallic clusters, modeled using embedded atom

potentials, has been used to analyze core–shell preferences[10]. Principal component anal-

ysis of the MC-MD data identified cohesive energy difference and Wigner–Seitz difference

as two primary factors. However, since this study relied on a classical force field, it could

not account for the effects of magnetism or spin–orbit interactions[11], which are partic-

ularly relevant for heavy metals. Given the backdrop of various theoretical studies, it is

crucial to identify which proposed factors play the most significant role in determining

core–shell preferences. If multiple factors contribute, what is their relative importance?

Does this importance vary depending on the type of metal? Addressing this requires ex-

tending the investigation beyond the late transition metal series, unlike most previous stud-

ies. With the rise of machine learning (ML) as a powerful tool for pattern recognition, the

problem of core–shell preferences in bimetallic nanoclusters can ideally be analyzed within

an ML framework[12]. However, a major challenge lies in the limited number of experi-

mentally synthesized binary nanoclusters with well-defined chemical ordering, as well as

the small number of core–shell combinations studied theoretically.

Hence, the present study employs DFT calculations to determine segregation energy (SE)

for single-atom alloys. DFT calculated SE is a good estimation for single-atom alloys,

since a MC-MD study previously demonstrated[10] that finite temperature and composi-

tion effects do not significantly alter the general trends observed at T = 0 K. Moreover, the

same study[10] found that small nanoclusters offer the cleanest systems in terms of core

and shell purity, justifying our choice of a 55-atoms system. A diverse set of binary metal-

lic combinations is considered, including alkali, alkaline, basic, transition metal (TM), and

p-block metals (cf Figure 4.1(B)), resulting in a dataset of 903 binary combinations. Using
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this large dataset, the key attributes influencing core–shell morphology are then analyzed

through machine learning-based statistical modeling. A machine learning model is devel-

oped to classify core–shell structures into two types: type 1 (where A is in the core and B in

the shell, with A having a lower atomic number than B) and type 2 (where B is in the core

and A in the shell). The workflow is schematically shown in Figure 4.3. The key findings

are:

• Four key factors emerge as primary controlling factors of these structural patterns: co-

hesive energy difference, atomic radius difference, magnetic nature of the elements,

and coordination number difference in their bulk phase.

• Given that the dataset included a comprehensive range of elements—alkali, alkaline,

transition metal (TM), basic, and p-block metals—further analysis are carried out

to identify the driving factors within specific subsets: alkali/alkaline–alkali/alkaline,

TM–TM, and alkali/alkaline–TM combinations. However, the small sample sizes of

basic and p-block metals prevent a similar analysis for these groups. Interestingly,

the relative importance of the key factors varies across different subsets.

• Additionally, binary combinations that did not exhibit a clear core–shell preference

based on DFT-calculated segregation energy (SE) are examined further. In these

cases, two alternative structural patterns are identified: mixed alloy clusters and side-

segregated Janus structures. The general trend indicates that a small cohesive energy

difference between constituents favors a mixed structure, whereas a large cohesive

energy difference leads to the formation of a Janus structure rather than a core–shell

arrangement.

4.2 Computational Methodology

The Random Forest classification algorithm(see Methodology section 2.2.1.1 for details)

is used in this work for performing the classification problem. The class imbalance in the

learning set is handled by a synthetic minority oversampling method, SMOTE(see Method-

ology section 2.2.1.3 for details).

We employ first-principles calculations using the plane-wave basis set combined with projector-

augmented-wave (PAW) potentials, as implemented in the Vienna Ab initio Simulation

Package (VASP) [13, 14]. The generalized gradient approximation (GGA) is used to de-

scribe the exchange-correlation functional. For cluster calculations, a simple cubic super-

cell with a side length of 25 Å is used, along with periodic boundary conditions. Two

neighboring clusters are separated by approximately 15 Å of vacuum space. Reciprocal
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4.3. Results

Figure 4.2: Single impurity structure in a A54B cluster with B at surface and center.

space integrations take place at the Γ-point. During structural optimization, all atoms un-

dergo relaxation. In each optimized structure, the maximum force component on any atom

remains below 0.02 eV/Å.

For the mixed versus Janus relative stability study, a 50:50 composition is chosen to elim-

inate any composition effects. A28B27 composition represents the closest possible 50:50

ratio for a cluster size of 55 atoms in an icosahedral structure. The initial side-segregated

Janus configuration is created by filling one-half of the icosahedron with A atoms and the

other-half with B atoms. In contrast, the initial mixed alloy structure features a random

distribution of the two atomic species. This distribution is achieved by selecting each atom

and assigning it as either an A or B type element randomly.

4.3 Results

4.3.1 DFT segregation energy

To analyze the segregation trend between two atomic species at the nanoscale, we consider

an icosahedral cluster consisting of 55 A atoms, with substitution by a B atom at either the

central site, referred to as A54Bcenter, or a surface site, referred to as A54Bsur f ace(c.f Fig-

ure 4.2). It is important to note that the optimized icosahedral structure may not represent

the globally optimized structure for the considered single-atom alloy clusters. However, as

established in a previous study[9], the segregation trend remains largely unaffected by the
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4.3. Results

Figure 4.3: Different steps of the machine learning approach, including dataset construc-
tion based on attributes and targets, model training, and key attribute selection.

symmetry and size of the host cluster despite the confinement effect. In a 55-atom icosa-

hedron, there are 12 six-coordinated surface vertex sites and 30 eight-coordinated surface

edge sites. For surface atom substitution, we always select the lower-coordinated vertex

site. For a given A–B pair, the segregation energy (SE) is defined as follows

∆E = E(A54Bsur f ace)−E(A54Bcenter) (4.3.1)

Following this formulation, a negative/positive value of ∆E supports the segregation of

impurity atom B to the surface/center of the cluster. We select 43 elements from the periodic

table, including 4 alkali metals (Li, Na, K, and Rb), 4 alkaline earth elements (Be, Mg, Ca,

and Sr), 28 transition metals (10 from the 3d series, 10 from the 4d series, and 8 from the

5d series), 4 basic metals (Al, In, Sn, and Pb), and 3 p-block metalloids (Si, Ge, and Sb).

We consider all possible A–B combinations among these 43 elements. Out of 903 possible

binary combinations, the segregation trend for bimetallic nanoparticles of 169 pairs has

been previously reported in the literature( see Appendix A).

For the remaining 734 pairs, we perform SE calculations. Additionally, to verify the com-

position dependency of the calculated segregation trend in single-atom alloy clusters, we

conduct SE calculations considering both cases: A as the host with B as the guest atom, and

vice versa. Among the 903 bimetallic A–B pairs analyzed in this study, 641 pairs exhibit a

consistent segregation trend of either type 1 or type 2 at both extreme compositions, A54B

and B54 A(The complete list is available in Appendix B). In the remaining cases, calcula-

tions for A54B and B54A yield opposite trends, indicating no clear core–shell preference.
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We also examine the influence of spin–orbit coupling by toggling it on and off, finding no

significant impact on core–shell preference. A heat map of the 903 combinations, catego-

rized as type 1, type 2, or undecided (no unique segregation trend), is presented in Figure

4.4. In our subsequent ML-based classification analysis, we focus on the 641 combinations

that exhibit a unique segregation trend, while the remaining undecided combinations are

examined later in the study.

4.3.2 Machine Learning

The key components of ML model construction and the significant findings in each are de-

tailed in the following sections. The different steps of the ML approach has been schemat-

ically represented in Figure 4.3.

4.3.2.1 Creation of Synthetic Data

When analyzing the 641 binary nanoalloy data points classified as type 1 or type 2, an

imbalance is observed, with 345 classified as type 2 and 296 as type 1. This imbalance

may contribute to the misclassification of a minority of cases. In this study, we apply the

Synthetic Minority Oversampling Technique (SMOTE)[15](for details see Methodology

section 2.2.1.3) to address this issue. By using this method, the dataset expands from 641

to 689, reducing the imbalance from approximately 19% to less than 0.3%.

4.3.2.2 Feature Space

After constructing the dataset, the next step is selecting attributes or features to describe the

data points. Previous studies strongly suggest that cohesive energy and atomic radius are

the two dominant attributes. Since surface energy[16] follows the same trend as cohesive

energy[8], it is not considered an independent feature. Additionally, we include electroneg-

ativity, bulk coordination number, s-, p-, and d-electron filling, atomic number, and group

number of the constituent elements in the periodic table, resulting in a total of nine fea-

tures. As an initial approach to feature engineering, we compute the differences and means

of these attributes for elements A and B in each binary pair, expanding the feature set to 18.

Finally, we incorporate the magnetic nature of elements A and B, defined by nonzero spin

multiplicity, bringing the total number of features to 20(c.f Table 4.1).

4.3.2.3 ML Model Performance

The next critical step in ML is selecting an appropriate algorithm that effectively captures

patterns in the dataset. To address the classification problem, we test four different tree-

based algorithms: J48[17], random tree[18], random forest[19], and REP tree[20]. The
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4.3. Results

Figure 4.4: A color-coded matrix represents binary core–shell nanoalloys based on DFT
segregation energies. The elements are arranged in increasing atomic number, ensuring
that in an A–B binary alloy, the A atom has a lower atomic number than the B atom.
Type 1 and Type 2 core–shell combinations are represented in red and blue, respectively.
Combinations with a non-unique type are shown in gray. Results from previous literature
appear in a light shade, while findings from the present study are highlighted in a bright
shade.

comparison of accuracies are shown in Figure 4.5. As seen, the random forest algorithm

demonstrates the best performance. The model’s accuracy in classifying binary nanoclus-

ters as type 1 or type 2 is evaluated using 10-fold cross-validation, achieving an accuracy of

89.3%. Performance is further assessed using the F1 score, which is approximately 0.896.

The number of trees are set to 200 following a gridsearch.
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Table 4.1: List of 20 Different Attributes Used in the ML Algorithm with Their Description,
Notation, and Range

Sl No Name of attribute Notation Range
1 Atomic radius difference ∆r -154 pm to 132 pm
2 Atomic radius mean < r > 111.5 pm to 254 pm
3 Cohesive energy difference ∆E -8.05 eV to 6.87 eV
4 Cohesive energy mean < E > 0.89 eV to 8.54 eV
5 s electron difference ∆s -1 to 2
6 s electron mean < s > 0.5 to 2
7 p electron difference ∆p -6 to 6
8 p electron mean < p > 0 to 4.5
9 d electron difference ∆d -10 to 10

10 d electron mean < d > 0 to 10
11 Atomic number difference ∆Z -79 to -1
12 Atomic number mean < Z > 3.5 to 80.5
13 Coordination number difference ∆CN -9 to 9
14 Coordination number mean <CN > 4.5 to 12
15 Column difference ∆C -14 to 13
16 Column mean <C > 1 to 14.5
17 Electronegativity difference ∆χ -1.72 to 1.19
18 Electronegativity mean < χ > 0.82 to 2.45
19 Magnetic nature of A mA Yes/No
20 Magnetic nature of B mB Yes/No

Figure 4.5: Comparison of accuracies of different algorithms.

4.3.2.4 Key Attributes

To identify the key attributes among the nine basic features, we analyze the distribution of

instances classified as type 1 or type 2 based on the difference in each feature between ele-

ments A and B. To incorporate magnetism, we assign values of 1 for ”yes” and 0 for ”no”

to mA and mB, then compute the difference (∆m) between them. We perform a Gaussian fit
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4.3. Results

Figure 4.6: A histogram displays the distribution of key attributes for Type 1 (pink) and
Type 2 (blue) classes: (A) Difference in atomic radius (∆r). (B) Difference in cohesive
energy (∆E). (C) Difference in coordination number (∆CN). (D) Difference in the magnetic
nature of A and B (∆m). The overlapping region between the Type 1 and Type 2 distributions
is shown in violet. Solid and dashed vertical lines indicate the mean (µ) of the Gaussian
distribution fits for Type 1 and Type 2, respectively.

on the distributions of the nine basic features and the magnetism differences to obtain the

mean of the distributions for both the types. A significant difference in the mean (µ) values

for types 1 and 2 of a given feature suggests that the feature strongly differentiates be-

tween the two types. Notably, the differences in µ values for four features—atomic radius,

cohesive energy, coordination number, and magnetism—exhibit the strongest distinction

between types 1 and 2, particularly in terms of sign change (see Figure 4.6). This indicates

that these features play a primary role in determining the ordering of the core–shell struc-

ture. For bimetallic core–shell nanoclusters, the segregation trends based on these four key

features are as follows:

• Atomic Radius: The element with a smaller atomic radius tends to occupy the more-

coordinated core region to minimize strain caused by atomic size mismatch.

• Cohesive Energy: The element with higher cohesive energy prefers the core to
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enhance bonding strength.

• Coordination Number: The element with a higher bulk coordination number is

more likely to occupy the highly coordinated core region.

• Magnetism: Magnetic elements tend to segregate at the lower-coordinated surface

region.

The overall structural ordering results from the interplay of these features.

We further examine the relative importance of the four key features by evaluating ML per-

formance on the complete dataset of 689 instances, using only a single-feature difference as

an attribute. Among these, the best performance is achieved with the cohesive energy dif-

ference, yielding a 10-fold cross-validation accuracy of 75.3%, followed by atomic radius

(67.5%), magnetism (64.9%), and coordination number (56.2%). Given the diverse range

of metals in our dataset, we repeat this analysis for specific subsets: (i) combinations of

only transition metals (TMs), (ii) only alkali/alkaline earth metals, and (iii) mixed combi-

nations of alkali/alkaline earth metals with TMs. The results, presented in Figure 4.8A–C,

highlight the relative importance of these attributes.

• Alkali/Alkaline Earth Metal Combinations: The significance of atomic radius and

coordination number increases, while cohesive energy and magnetism become less

relevant. Since alkali/alkaline metals are diamagnetic, magnetism is not a key factor

in determining whether an element prefers the surface or core. However, atomic

radius varies significantly within this group (e.g., 182 pm for Li versus 290 pm for

Rb), making it a stronger distinguishing feature.

• TM–TM Combinations: A similar trend is observed, as TMs are all magnetic. Be-

cause both elements in a TM–TM pair are magnetic, magnetism does not strongly

differentiate between them.

• Alkali/Alkaline–TM Combinations: Magnetism and atomic radius become the dom-

inant attributes, while coordination number and cohesive energy play a lesser role.

This is expected because, in such combinations, one element is magnetic and the

other is nonmagnetic, making magnetism a strong differentiating factor. Addition-

ally, atomic radius exhibits large variations due to the combination of elements from

different periodic table families.

4.3.3 Undecided Cases: Janus versus Mixed Structures

Finally, we evaluate the A-B combinations where A54B and B54A calculations result in

two different signs of SE. In a large number of cases (262), no specific segregation trend
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Figure 4.7: Janus and mixed structures considered in this work.

is observed, suggesting that the core-shell structure may not be favored by these A-B com-

binations. Figure 4.8D illustrates the relative contributions of different A-B combinations

within this category, with the largest contribution coming from the p-block elements. Fig-

ure 4.8E illustrates the elemental contributions. Besides the core-shell structure, possible

alternative structures[21] include the mixed or Janus patterns . To determine the most favor-

able configuration, we compute the DFT total energies for the undecided cases, considering

the optimized Janus and mixed structures. For this analysis, we use A28B27 clusters with an

approximately 50:50 composition of A and B, facilitating the construction of a Janus-like

structure with 55 atoms(c.f Figure 4.7). Machine learning (ML) is performed using the

Table 4.2: The mean of the Gaussian distribution of the four features for janus, and mixed
structures.

Mean of the Gaussian fit(µ) of the distribution Janus Mixed
µ∆E -3.28 eV 0.025 eV

µ∆CN -0.73 1.45
µ∆r -13.15 pm 7.96 pm
µ∆m -0.11 0.45

DFT total energy difference as the target, with instances sharing the same set of attributes

as in the core–shell study. Following this, the distribution of four key features,differences in

atomic radius, cohesive energy, coordination number, and magnetism,is analyzed for Janus

versus mixed structures. The mean of the Gaussian distribution for these features shows

µ∆E to be 0.02 eV for mixed structures and -3.28 eV for Janus structures, compared to

0.45 eV for type 1 and -2.50 eV for type 2. This indicates that very small and very large

136



4.3. Results

Figure 4.8: The relative performance of four key attributes and the distribution of unde-
cided cases with no unique core–shell preference are analyzed: (A) Relative performances
of differences in atomic radius, cohesive energy, coordination number, and magnetic nature
in alkali/alkaline–alkali/alkaline binary combinations, compared to the performance in the
full dataset, represented as a concentric shell. (B) Performance analysis for transition metal
(TM)–TM combinations. (C) Performance analysis for alkali/alkaline–TM combinations.
(D) Percentage distribution of dominant A–B pair contributions in cases where no unique
core–shell preference is observed. (E) Percentage of elemental contributions in cases with-
out a unique core–shell preference, with only contributions greater than 3% shown.

differences in the cohesive energy of A and B favor mixed and Janus patterns, respectively,

over the core-shell pattern. Additionally, for mixed structures, the difference in coordina-

tion number is significant, with µ∆CN = 1.50. The mean of the four features are tabulated in

Table 4.2.
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4.4 Summary and Discussion

The stability of nanoscale alloys carries significant technological relevance, from catalytic

processes[22] to biomedical applications[2]. One key structural motif among binary alloy

nanoparticles is the core–shell configuration. A central question is whether such a structure

is energetically preferred and, if so, which element tends to occupy the core and which the

surface. Despite the importance of this issue, existing studies remain limited;typically based

on a small number of synthesized nanoalloys[21] or select DFT-based investigations[8, 9].

Recent efforts using molecular dynamics and Monte Carlo simulations across 45 bimetal-

lic nanoclusters—followed by principal component analysis—have attempted to shed light

on the governing trends. However, establishing a generalized understanding requires a far

broader data set and a more robust pattern-recognition approach. In this study, we ana-

lyze a comprehensive dataset of 903 bimetallic nanoclusters composed of elements ranging

from alkali and alkaline earth metals to 3d, 4d, 5d transition metals and p-block elements.

Using DFT calculations, we compute the segregation energy of single-atom alloy struc-

tures. This yields a subset of 641 binary pairs with a clear core–shell preference. We then

apply machine learning techniques—supported by feature engineering and synthetic minor-

ity oversampling—to uncover the key factors that influence this preference. Our analysis

reveals that differences in cohesive energy, atomic radius, coordination number, and mag-

netism are the most critical parameters. The relative influence of these factors varies across

elemental groups. For the remaining pairs that do not show a clear core–shell segregation,

we observe a tendency toward mixed or Janus-type structures, typically associated with

very small or very large cohesive energy differences, respectively. Altogether, our machine

learning–driven, large-scale computational approach offers valuable insights for the rational

design of bimetallic nanoalloys with tailored mixing patterns.
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5
First principles insights into the relative
stability, electronic and catalytic
properties of core-shell, Janus and mixed
structural patterns for bimetallic Pd-X
nanoalloys (X = Co, Ni, Cu, Rh, Ag, Ir,
Pt, Au)

5.1 Introduction and Motivation

Multi-elemental nanoalloys serve as promising functional materials due to their enhanced

practical applications in various fields, including catalysis[1], optics[2], sensing[3], ad-

vanced biomedicine[4], and magnetic storage[5]. These applications are primarily driven

by the synergistic effects of size, composition, and chemical ordering-dependent properties[6].

As discussed in Chapter 4, depending on the arrangement of the two atomic species, bimetal-

lic nanoparticles generally adopt one of three structural patterns: core-shell, Janus, or

mixed. The ordering is primarily determined by several key factors that characterize the

two constituent metallic species. These factors include atomic size mismatch, differences

in bulk cohesive and surface energies, coordination differences in their bulk crystal struc-

tures, bulk miscibility, and magnetism[7–9]. We have seen that (a) atoms with lower radius

This chapter is based on publication: Soumendu Datta, Aishwaryo Ghosh and Tanusri Saha-Dasgupta,
Phys. Chem. Chem. Phys.,2023, 25, 4667.
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prefer the core, (b) elements with higher cohesive region segregate to core (c) element with

higher bulk coordination number occupy the core (d) magnetic elements reside in the shell.

The final ordering depends on a cumulative effect of these factors. We also find that the

relative importance of such factors for core-shell segregation depends on the metal type of

the constituents, which has been investigated for alkali/alkaline-alkali/alkaline, TM-TM,

and alkali/ alkaline-TM combinations. In the case of alkali-alkaline and TM-TM combi-

nations, atomic radius and coordination number are found to be more important, while

in TM-alkali/alkaline combinations, magnetism and atomic radius are found to be cru-

cial. Our analysis further suggests that when the difference in cohesive energy between

the constituent elements is either very small or very large, the core–shell structure becomes

unfavorable. Instead, mixed structures are stabilized in the case of small cohesive energy

differences, while Janus structures are favored when the cohesive energy difference is large.

The calculations of segregation energies, used to determine the ordering in the previous

chapter, have been done considering single atom alloys made out of 55-atoms icosahedral

cluster. The effect of the concentration of the components and cluster size have not been

explored. Hence in this chapter, we attempt at monitoring how these factors affect the clus-

ter stability by (a) considering two composition limits, where the concentration of atoms of

one kind of element is more than the other and vice versa and, (b) considering two cluster

sizes of 147 atoms and 55 atoms. We also identify key microscopic properties that vary in

sync with changes in the relative stability of the three structural patterns at the two compo-

sition limits. However, a machine-learning approach in this scenario would require a large

number of high-throughput calculations(pertaining to different structural patterns as well as

compositions) for generating an ample-sized training set to aid in pattern recognition. So,

we rather rely on detailed calculations restricting only to Pd-based binary nanoalloys, and

try to connect the consequent observations with our previous results, wherever applicable.

The choice is made based on the rationale that these nanoalloys are explored as an alter-

native to Pt-based electro-catalysts since they are scarce and expensive. Pd-based alloys

are particularly favored due to their similar electronic structure, comparable performance,

better methanol tolerance, greater resistance to CO poisoning, and, most importantly, the

lower cost of Pd compared to Pt[10]. We consider alloys with 3d,4d and 5d metals which

are reported to augment catalytic properties in fuel cells[11–13]. Particularly, we focus on

eight Pd-based bimetallic nanoalloys, namely three bimetallic Pd-3d nanoalloys - Pd-Co,

Pd-Ni and Pd-Cu; two bimetallic Pd-4d nanoalloys - Pd-Rh and Pd-Ag; and three bimetallic

Pd-5d nanoalloys - Pd-Ir, Pd-Pt and Pd-Au. Notably, the eight alloying elements include

magnetic elements (Co and Ni), catalytic elements (Rh, Ir, and Pt), and plasmonic elements

(Cu, Ag, and Au). We also consider the two composition limits in each case: Pd-poor/-rich,

where Pd concentration is less/more than the concentration of the other d-block element in
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the nanoalloy.

To prepare the three structural configurations with a fixed total number of atoms and iden-

tical composition, we start with a 147-atom icosahedral structure of a pristine Pd147 cluster.

From this, we construct three initial structural patterns for each bimetallic Pd-X nanoalloy,

considering two compositions: Pd55X92 (Pd-poor) and Pd92X55 (Pd-rich), where ”X” repre-

sents one of the remaining eight elements. Although the physical properties of nanosystems

are size and shape dependent[14, 15], we choose an atomic shell-structured icosahedron due

to its high stability in noble metal nanoparticles[16, 17]. Additionally, the icosahedral ge-

ometry facilitates the construction of core-shell, Janus, and mixed structural patterns while

maintaining the same composition. Based on the optimized structures, we examine the

relative stability of the three structural patterns for each bimetallic nanoalloy of either com-

position. We then analyze their structural and electronic properties using first-principles

density functional theory (DFT) calculations, observing variations across the bimetallic

Pd-X nanoalloy series. Our Crystal Orbital Hamiltonian Population(COHP)[18] analysis

indicates that relative stability is primarily influenced by changes in atom-atom covalency

between structural patterns for each Pd-X nanoalloy of fixed composition. Additionally,

the three patterns are distinctly characterized by an orbital hybridization index. Finally,

we evaluate catalytic activity trends using the d-band model[19] for each structural con-

figuration of the bimetallic nanoalloy. This indicates that the catalytic activity of most

studied bimetallic Pd-X nanoalloys falls between that of a pristine Pt147 and Pd147 cluster,

regardless of composition, except for the Pd-poor Pd-Ag nanoalloy. The overall analysis of

relative stability and catalytic properties suggests that the bimetallic Pd-Ni nanoalloy is the

most promising candidate for designing a non-Pt catalyst. Specifically, the Janus and mixed

structures are preferable for the Pd-poor composition, while the core-shell structure, with

Pd atoms on the surface, is favored for the Pd-rich composition. Finally, we confirm the

predicted catalytic activity trend for the three structures of the bimetallic Pd-Ni nanoalloy

relative to the pristine Pd147 cluster through a rigorous analysis of the adsorption reaction

with a CO molecule on their surface.

5.2 Computational Methodology

For calculations related to interconvertibility among the three structural motifs of bimetal-

lic nanoclusters, icosahedrons with 147 atoms are used. This choice is justified since the

icosahedron-shaped concentric cell structure has previously been predicted as the ground-

state geometry for larger pristine Pd nanoclusters[20]. An initial core-shell structural pat-

tern for a bimetallic X55Pd92 nanoalloy is easily constructed from the pristine Pd147 cluster

by replacing its 55 core atoms with X elemental atoms. Similarly, the initial Janus-patterned
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Figure 5.1: The initial structural patterns of core-shell, Janus, and mixed configurations
in a bimetallic Pd92X55 nanocluster in an icosahedral arrangement with 147 atoms. Green
spheres represent Pd atoms, while red spheres correspond to atoms of the X element.

structure for a bimetallic X55Pd92 nanoalloy is created by substituting a hemispherical frac-

tion of Pd55 on one side with 55 X atoms, positioning the X55and Pd92 fractions side by side.

Finally, the initial mixed-pattern structure for a bimetallic X55Pd92 nanoalloy is formed by

randomly distributing the 55 X atoms among the 92 Pd atoms throughout the entire struc-

ture.

Figure 5.1 illustrates the initial structural patterns for the core-shell, Janus, and mixed

bimetallic nanoalloys with an X55Pd92 composition. Similarly, the initial structural pat-

terns for the core-shell, Janus, and mixed structures of a bimetallic Pd55X92 nanoalloy are

obtained by interchanging X and Pd atoms in the X55Pd92 nanoalloy. For the cluster calcu-

lations, a simple cubic supercell with each side measuring 28 Å is used, incorporating peri-

odic boundary conditions. Two neighboring clusters remain separated by approximately 12

Å of vacuum. The large cell size effectively minimizes interactions between cluster images.

This study employs Density Functional Theory (DFT) within the pseudo-potential plane

wave framework using the Vienna Ab Initio Simulation Package (VASP)[21, 22]. It applies

the Projected Augmented Wave (PAW) pseudopotential alongside the Generalized Gradi-

ent Approximation (GGA) for the exchange-correlation energy functional, as formulated

by Perdew, Burke, and Ernzerhof (PBE). All structures are optimized until all force com-

ponents fall below the threshold value of 0.001 eV/Å. Due to the presence of heavy 4d

and 5d atoms, non-collinear DFT calculations incorporating spin-orbit interactions are per-

formed for all calculations. In addition, 55-atom bimetallic Ni-Pd clusters are considered

to examine the effect of the cluster size.
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Table 5.1: Atomic radius (r), bulk cohesive energy (Ec), surface energy (S) and electro-
negativity (χ) of the constituent elements[23]

Element r (Å) Ec (eV per atom) S (J m−2) χ (Pauli scale)
Co 1.52 4.39 2.55 1.88
Ni 1.49 4.44 2.38 1.91
Cu 1.45 3.49 1.79 1.90
Rh 1.73 5.75 2.70 2.28
Pd 1.69 3.89 2.05 2.20
Ag 1.65 2.95 1.25 1.93
Ir 1.80 6.94 3.00 2.20
Pt 1.77 5.84 2.475 2.28
Au 1.74 3.81 1.50 2.54

5.3 Results

The key properties of the constituent elements that influence the formation of binary nanoal-

loys include atomic radius, bulk cohesive energy, surface energy, and electronegativity. Ta-

ble 5.1 presents the values of these properties for each element. The cohesive and surface

energies of Cu, Ag, and Au are lower compared to Pd, while the other elements exhibit

higher values for these properties. Ir has the largest atomic radius, whereas Cu has the

smallest. Au is the most electronegative element, while Co is the least. Ir also has the

highest cohesive and surface energy, whereas Ag has the lowest. The following analy-

sis examines the optimized structures, relative stability trends, and electronic and catalytic

properties of the three structural patterns for each bimetallic nanoalloy.

5.3.1 Optimized Structures

After structural optimization, the overall icosahedral pattern remains intact across all three

structural configurations for each bimetallic Pd-X nanoalloy. However, the effective cluster

sizes vary along the Pd-X series. The cluster size is determined by the average distance

between the cluster center and the outermost surface atoms. The cluster size for an op-

timized pristine Pd147 cluster is 0.703 nm. The initial structures of the three patterns for

each binary Pd-X cluster originate from the optimized structure of the Pd147 cluster. The

estimated cluster sizes for the three morphologies of each binary Pd-X nanocluster, across

both composition limits, fall within a range of 0.65-0.73 nm, as shown in Table 5.2.

Figure 5.2 presents the plot of our estimated cluster sizes for the three morphologies of each

binary nanocluster across both composition limits. The overall trend remains nearly con-

sistent for both compositions. As expected, the Pd-Ni and Pd-Co clusters in their Pd-poor

composition exhibit smaller sizes due to their smaller atomic radii. The cluster size then
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Binary Pd-X Cluster Coreshell (nm) Janus (nm) Mixed (nm)
Size for binary Pd55X92 cluster

Pd-Co 0.673 0.662 0.657
Pd-Ni 0.676 0.654 0.657
Pd-Cu 0.683 0.667 0.669
Pd-Rh 0.691 0.689 0.689
Pd-Ag 0.723 0.727 0.725
Pd-Ir 0.687 0.692 0.691
Pd-Pt 0.699 0.706 0.703
Pd-Au 0.721 0.732 0.726

Size for binary Pd92X55 cluster
Pd-Co 0.666 0.674 0.676
Pd-Ni 0.666 0.673 0.676
Pd-Cu 0.673 0.682 0.682
Pd-Rh 0.693 0.694 0.696
Pd-Ag 0.717 0.717 0.717
Pd-Ir 0.687 0.694 0.697
Pd-Pt 0.707 0.702 0.703
Pd-Au 0.723 0.722 0.718

Table 5.2: Our estimated cluster sizes for the optimized structures of the three patterns in
each binary Pd-X cluster, across both composition limits.

increases with the atomic number of the X element, peaking for binary Pd-Ag clusters. This

could be attributed to weaker atom-atom interactions resulting from the filled 4d valence

orbital of Ag. Notably, the variation in cluster size aligns qualitatively with the trends in

orbital hybridization, as discussed in Section 5.3.3.

In a bimetallic Pd-X nanoalloy, three types of nearest-neighbor (NN) bonds exist: Pd-Pd,

Pd-X, and X-X. The number of each type of NN bond remains approximately consistent

across different X elements within a fixed composition. The plot in Figure 5.3 illustrates the

overall percentage of X-X, Pd-X, and Pd-Pd NN bonds relative to the total NN bonds for

each structural pattern in a 147-atom icosahedral structure, across both composition limits.

Each structural pattern is characterized by the dominance or deficiency of a particular NN

bond type. In Pd55X92 (Pd-poor) nanoalloys:

1. The optimized core-shell structure has the highest number of Pd-X NN bonds and the

fewest X-X NN bonds.

2. The optimized Janus structure contains the most X-X NN bonds and the least Pd-X

NN bonds.

3. The optimized mixed structure features the highest number of Pd-X NN bonds and

the fewest Pd-Pd NN bonds.
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Figure 5.2: The plot illustrates the estimated cluster sizes of the optimized structures for
the three morphologies of each Pd-X nanoalloy across both compositions. Black circles
represent the core-shell (CS) morphology, red squares denote the Janus (J) structure, and
green triangles indicate the mixed (M) configuration. A horizontal dashed line marks the
estimated size of the pristine Pd147 cluster, serving as a reference for comparison.

For Pd92X55 (Pd-rich) nanoalloys:

1. The optimized core-shell structure has the most Pd-X NN bonds and the fewest Pd-Pd

NN bonds.

2. The optimized Janus structure contains the highest number of Pd-Pd NN bonds and

the least Pd-X NN bonds.

3. The optimized mixed structure involves the greatest number of Pd-X NN bonds and

the lowest number of X-X NN bonds.

The nearest-neighbor (NN) bond length in a bimetallic Pd55X92 or Pd92X55 nanoalloy varies

across the three structural patterns. Figure 5.4 illustrates the variation in the average Pd–Pd

NN bond length for each optimized structure, comparing it to the pristine Pd147 nanocluster.
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Figure 5.3: The overall percentage of X–X, Pd–X, and Pd–Pd nearest-neighbor dimers
in the optimized Janus, core–shell, and mixed structures for each bimetallic Pd55X92 and
Pd92X55 cluster.

The Janus structures, particularly in the Pd-rich composition, show minimal deviation from

the pristine Pd147 cluster’s Pd–Pd NN bond length. However, the core–shell and mixed

structures exhibit significant changes in bond length across different Pd–X alloys and com-

positions. For Pd alloys with 3d elements, the Pd-poor mixed structure shows a reduction

in Pd–Pd NN bond length, with the most pronounced decrease occurring in the Pd55Ni92

nanoalloy. In the Pd-rich composition, both the core–shell and mixed structures display

shorter Pd–Pd NN bonds, with a more noticeable reduction in the core–shell structure. In

contrast, alloying Pd with plasmonic elements such as Ag and Au leads to an increase

in Pd–Pd NN bond length in both composition limits, with the most substantial increase

observed in the core–shell structure of the Au55Pd92 nanoalloy. However, the core–shell

configuration of the Au55Pd92 alloy, where Au forms the core, is not a stable structure, as

will be further discussed.

5.3.2 Relative stability trend

To assess the relative stability of the three structural configurations in a binary Pd–X nanoal-

loy with a fixed composition, we calculate the total energy difference (∆E) between the

optimized Janus/mixed structures and the optimized core–shell structure. This is given by
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Figure 5.4: A bar plot illustrating the average Pd–Pd nearest-neighbor (NN) bond lengths
for the optimized Janus (J), core–shell (CS), and mixed (M) structures in each bimetallic
Pd55X92 (top panel) and Pd92X55 (bottom panel) nanoalloy. The horizontal dashed line
represents the Pd–Pd NN bond length in the pristine Pd147 cluster, providing a reference
for comparison.

∆E = EJanus/mixed - Ecore–shell , where E represents the DFT-calculated total energy of the

optimized structure. A positive ∆E indicates that the core–shell structure with the chosen

atomic ordering is more stable, whereas a negative ∆E suggests that the core–shell structure

is less stable than the corresponding Janus or mixed configuration. If ∆E is positive for both

Janus and mixed structures, the core–shell arrangement is the most stable. Conversely, if

∆E is negative for both, the core–shell configuration is the least stable. Figure 5.5 presents

a plot of the calculated ∆E values for both compositions of each bimetallic Pd–X nanoalloy.

The relative stability of Pd-rich binary Pd–Co, Pd–Ni, Pd–Cu, and Pd–Pt nanoalloys fol-

lows a consistent order of preference among the three structural patterns: core–shell (Pd-

shell) is the most stable, followed by mixed, and then Janus. Similarly, Pd-rich Pd–Rh

and Pd–Ir nanoalloys exhibit a stability order of core–shell (Pd-shell) being the most sta-

ble, followed by Janus and then mixed. In contrast, Pd-rich Pd–Ag and Pd–Au nanoalloys

show an inverse trend, where Janus is the most stable, followed by mixed, and core–shell
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(Pd-shell) is the least stable. When the composition is inverted, the relative stability order

among the three optimized structural patterns shifts. For Pd-poor bimetallic Pd–Co, Pd–Ni,

Pd–Rh, and Pd–Ir nanoalloys, Janus is the most stable, followed by mixed, and core–shell

(Pd-core) is the least stable. In Pd-poor Pd–Cu and Pd–Pt nanoalloys, mixed structures are

the most stable, followed by Janus and then core–shell (Pd-core). Meanwhile, for Pd-poor

Pd–Ag and Pd–Au nanoalloys, core–shell (Pd-core) is the most stable, followed by mixed,

with Janus being the least stable. To further understand the relative stability among the

three structural patterns for each binary Pd–X nanocluster with a fixed composition, forma-

tion energies[24, 25] have also been calculated. For a nanoalloy PdmXn, where m+n=147,

it is defined as :

E f orm = E(PdmXn)−
m

147
E(Pd147)−

n
147

E(X147) (5.3.1)

Figure 5.5: The total energy difference for the optimized Janus and mixed structures rel-
ative to the optimized core–shell configuration for each Pd55X92 and Pd92X55 nanoalloy.
Patterned bars represent Pd55X92 clusters, while filled bars correspond to Pd92X55 clusters.
The energy of the optimized core–shell structure is set as the reference at zero, indicated by
the horizontal red line. The plot is divided into three sections: the top panel represents bi-
nary Pd-3d clusters, the middle panel corresponds to Pd-4d clusters, and the bottom panel
shows Pd-5d clusters.

where total energy of the binary PdmXn nanoalloy is denoted as E(PdmXn), and the total
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energies of the pure elemental clusters as E(Pd147) and E(X147). A negative E f orm value

indicates that the alloy formation is thermodynamically favorable, whereas a positive E f orm

suggests a tendency toward phase segregation rather than alloying. Our calculated for-

mation energy (E f orm) for each bimetallic Pd-X nanoalloy is presented in Figure 5.6 for

both Pd-poor and Pd-rich compositions. Notably, the most stable structure among the three

structural patterns, as determined from the energy difference analysis, corresponds to the

most negative formation energy. For instance, in the Pd-poor Pd-X nanoalloys, where Pd

Figure 5.6: Plot of the calculated formation energy for the optimized structures of three
patterns for each bimetallic Pd-X nanocluster in both Pd-poor (left) and Pd-rich (right)
compositions. The most stable pattern, determined based on energy differences, is marked
with a ”#” symbol for each bimetallic Pd-X cluster.

atoms are at the core, the core-shell structures of Pd-Co, Pd-Ni, Pd-Rh, and Pd-Ir exhibit

large positive formation energies, indicating their energetic instability. In contrast, Pd-Ag

and Pd-Au nanoalloys in the same Pd-poor configuration have significantly negative for-

mation energies, suggesting that their core-shell structures are favorable. This preference

arises because Ag and Au atoms at the surface have lower surface energy than Pd, making

surface segregation of Ag or Au energetically favorable. Similarly, in the Pd-rich composi-

tion, where Pd atoms are at the surface, the core-shell pattern becomes favorable for Pd-Co,

Pd-Ni, Pd-Rh, and Pd-Ir, which were previously unfavorable in the Pd-poor composition.

Conversely, for Pd-Ag and Pd-Au nanoalloys, the core-shell pattern becomes less favorable

when Pd is at the surface.
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Examining the mixed structural pattern, Figure 5.6 further shows that this configuration re-

mains energetically unfavorable for Pd-Rh and Pd-Ir nanoalloys in both composition limits.

This may be attributed to the large cohesive energy difference between the two constituent

elements. Finally, regarding the Janus pattern, it generally exhibits some degree of forma-

bility in both composition limits for most Pd-X nanoalloys. The only exception is the

Pd-rich Pd-Ni nanoalloy, which has a positive formation energy, indicating its unfavorable

nature.

5.3.2.1 Understanding from atomic and elemental properties

5.3.2.1.1 In terms of surface energy

To understand the trend in relative stability, we first examine the variation in surface ener-

gies among the three structural configurations for each bimetallic nanoalloy. Surface energy

represents the excess energy of the nanoparticle’s surface relative to its bulk. We define the

surface energy per atom[26] for a bimetallic AmBn nanoalloy as:

Esur(AmBn) =
E(AmBn)−meA −neB

Ns
(5.3.2)

where E(AmBn) is the total energy of the binary AmBn nanoalloy, eA and eB are the bulk

cohesive energies per atom of elements A and B, respectively, and Ns represents the total

number of surface atoms in the optimized structure.

In terms of the effect of surface energy on relative stability, a higher surface energy gener-

ally indicates lower stability, while a lower surface energy suggests greater stability. Figure

5.7 presents the calculated surface energy for the three structural configurations of each

bimetallic Pd–X nanoalloy. The structure with the highest stability generally corresponds

to the lowest surface energy for most bimetallic nanoalloys, regardless of composition. Ad-

ditionally, as shown in Figure 5.7, the surface energy magnitude for bimetallic Pd–Ag and

Pd–Au nanoalloys—especially in their Pd-poor compositions—is significantly lower com-

pared to other bimetallic nanoalloys. This aligns with the well-established tendency of Ag

and Au atoms to segregate at the surface in Ag- or Au-containing bimetallic nanoalloys[27].

5.3.2.1.2 In terms of the key elemental features

We attempt at better understanding the significance of the key factors, as discussed in Chap-

ter 4, in determining the stability of bimetallic Pd–X nanoalloys. We have observed there

that magnetism is not crucial in case of TM-TM combinations, and coordination number

differences are same for all the Pd-X combinations considered. Hence an interplay of the

atomic radius difference between the constituent elements (∆r = r(X) - r(Pd)) and the differ-
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Figure 5.7: The bar plot presents the surface energy for the three structural configurations
of each bimetallic Pd–X nanoalloy, considering both Pd-poor (top panel) and Pd-rich (bot-
tom panel) compositions. Since the number of surface atoms remains consistent across all
systems, we report the total surface energy. The horizontal dashed line indicates the surface
energy of the pristine Pd147 cluster. Additionally, for each bimetallic nanoalloy, the order
of energetic stability is denoted using a ”#” symbol.

ence in their bulk cohesive energies (∆Ec = Ec(X) - Ec(Pd)) determines the structural phase

stability. Figure 5.8 presents two color-coded plots: Figure 5.8(a) illustrates the most stable

structure for each bimetallic nanoalloy in either composition. Each box (except for the cen-

tral one) corresponds to a binary Pd–X nanoalloy, with its lower-left triangle representing

the stable structure for the Pd-poor composition and the upper-right triangle indicating the

stable structure for the Pd-rich composition. Figure 5.8(b) displays the respective values of

∆r and ∆Ec for each (X, Pd) pair,normalized. It presents how atomic radius difference (∆r)

and bulk cohesive energy difference (∆Ec) influence the stability of Pd–X nanoalloys. Each

box corresponds to a specific Pd–X pair, with the lower-left triangle representing ∆Ec and

the upper-right triangle representing ∆r. Below we connect the segregation trends accord-

ing to ∆r and ∆Ec,as uncovered in the previous chapter, with the current results.

The 3d-Pd pairs exhibit large negative ∆r, which plays a crucial role in determining stability.
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Figure 5.8: The color-coded plots of (a) the most stable structure for each Pd–X nanoalloy,
where each box corresponds to a specific binary alloy. The lower triangle of each box
represents the stable structure for the Pd-poor composition (Pd55X92), while the upper
triangle represents the stable structure for the Pd-rich composition (Pd92X55). Only the
”X” element is labeled in each box for clarity. (b) two key atomic factors that influence
structural stability: the difference in atomic radii and the difference in bulk cohesive energy.

For Pd-rich compositions, this leads to a preference for the core–shell structure with larger

Pd atoms forming the shell. In contrast, for Pd-poor compositions, the icosahedral structure

prevents Pd from forming the shell, making ∆Ec the dominant factor in stability. When ∆Ec

is large, the Janus structure becomes more stable in Pd–Co and Pd–Ni nanoalloys, while

a smaller ∆Ec favors a mixed structure in Pd–Cu. For Pd–Rh, Pd–Ir, and Pd–Pt pairs,

both ∆r and ∆Ec are positive, leading to competition between the two factors. In Pd–Ir
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and Pd–Rh nanoalloys, ∆Ec dominates, stabilizing the core–shell structure with Pd(lower

cohesive energy) on the surface for Pd-rich compositions and the Janus structure for Pd-

poor compositions. For Pd-rich Pd–Pt, ∆Ec favors the core–shell structure with Pd to shell

owing to its lower cohesive energy, but in Pd-poor compositions, competition between the

two effects results in a stable mixed structure. For Pd–Ag and Pd–Au nanoalloys, surface

segregation effects become significant. Due to their lower surface energy, Ag and Au atoms

preferentially migrate to the surface, influencing the stability of these alloys. In these cases,

the term ”surface segregation” refers to the tendency of the element with lower surface

energy to dominate the outer layer of the nanoalloy.

5.3.2.2 Understanding from electronic properties

The relative stability of different structural patterns in bimetallic Pd–X nanoalloys can also

be qualitatively understood by analyzing the relative bond strengths and the distribution of

three types of nearest-neighbor (NN) dimers. Experimental dimer binding energy measure-

ments suggest that the bond strength varies significantly among different elements. The

ordering of dimer binding energies is as follows: Ir2 (3.50 eV)[28] > Co2 (3.44 eV)[29] >

Pt2 (3.14 eV)[30] > Rh2 (2.77 eV)[31] > Au2 (2.29 eV)[32] > Cu2 (2.08 eV)[33] > Ni2
(2.06 eV)[34] > Ag2 (1.66 eV)[35] > Pd2 (1.03 eV)[36].

This ranking indicates that Ir–Ir dimers exhibit the strongest bonding, whereas Pd–Pd

dimers have the weakest. Thus, the order of the relative bond strengths in a bimetallic

Pd-X nanoalloy with three kinds of bonds can be expected to be X-X > Pd-X> Pd-Pd. The

number of the three types of NN dimers depends on both the structural pattern and com-

position. Figure 5.3 shows that the order of the number of X–X NN dimers (NX−X ), Pd–X

NN dimers (NPd−X ), and Pd–Pd NN dimers (NPd−Pd) in the three structures of a bimetallic

Pd–X nanoalloy varies depending on the specific structural pattern and composition.

For Pd-poor alloys:

• NJ
X−X > NM

X−X >NC−S
X−X

• NM
X−PD > NC−S

Pd−X > NJ
Pd−X

• NC−S
Pd−Pd > NJ

Pd−Pd ¿ NM
Pd−Pd

For Pd-rich alloys:

• NC−S
X−X > NJ

X−X > NM
X−X

• NM
X−PD > NC−S

Pd−X > NJ
Pd−X

• NJ
Pd−Pd > NM

Pd−Pd > NC−S
Pd−Pd
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The relative bond strength and the distribution of various types of dimers in a binary nanoal-

loy provide a qualitative understanding of the trends observed in the calculated relative

stability of different structural patterns. For instance, in the case of the bimetallic Pd–Co

nanoalloy, the bond strength hierarchy follows the order Co–Co > Pd–Co > Pd–Pd. For the

Pd-poor Pd–Co nanoalloy, the dominance of the strongest Co–Co nearest-neighbor (NN)

bonds follows the order NCo–Co
J > NCo–Co

M > NCo–Co
CS . Interestingly, the relative stability

exhibits the same trend, where the Janus structure (J) is more stable than the Mixed (M),

which in turn is more stable than the Core–Shell (C–S) configuration. On the other hand,

in the Pd-rich Pd–Co nanoalloy, the total number of Pd–Co and Co–Co NN bonds follows

the trend NCS
Co–Co+Pd–Co > NM

Co–Co+Pd–Co > NJ
Co–Co+Pd–Co. Once again, the trend in relative

stability aligns with this order, with the Core–Shell structure being the most stable, fol-

lowed by the Mixed and Janus structures. This pattern is observed consistently across all

bimetallic nanoalloys, regardless of composition. The similarity in the trends between rel-

ative stability and the prevalence of specific NN dimers raises an intriguing question: does

the relative stability of these structural patterns have a direct correlation with NN bond

strength?

To examine how atom–atom covalency changes among the three structural patterns when

alloying a Pd nanocluster with different elements, we analyze the Integrated Crystal Orbital

Hamilton Population (ICOHP)[18] for each bimetallic nanoalloy. The COHP represents the

hopping-weighted density of states between adjacent atoms, where a negative value signi-

fies bonding interactions. The ICOHP, obtained by integrating the COHP up to the high-

est occupied molecular orbital (HOMO), quantifies the covalent bond strength. For each

bimetallic Pd–X nanoalloy, including the pristine Pd147 cluster, we compute the ICOHP

averaged over all nearest-neighbor (NN) interactions. The resulting ICOHP values for the

optimized structures of the three structural patterns are presented in Figure 5.9 as a function

of electron energy for each bimetallic nanoalloy in both compositions.

The ICOHP plots are obtained by averaging the values over both spin channels for ev-

ery nanoalloy. It is evident from these plots that the structure with the highest stability

is generally associated with enhanced covalency, indicated by a more positive ICOHP

value throughout the bonding region. To systematically compare the ICOHP values at

the Fermi energy among the three structures for each bimetallic nanoalloy, we calculate

the difference in ICOHP between the optimized Janus/mixed structure and the optimized

core–shell structure for the same system, defined as ∆ICOHP = ICOHP(Janus/mixed) –

ICOHP(core–shell). A positive ∆ICOHP suggests that the optimized core–shell structure,

with the chosen atomic ordering, possesses enhanced covalency. Conversely, a negative

∆ICOHP indicates that the core–shell structure exhibits lower covalency than the optimized
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Figure 5.9: The ICOHP plots display the bonding characteristics for the optimized
core–shell, Janus, and mixed structures of each bimetallic Pd55X92 cluster (left box) and
Pd92X55 cluster (middle box). In these plots, the Fermi energy of each binary nanocluster
is fixed at zero energy, indicated by a vertical dashed line. The right box presents the differ-
ence in ICOHP values (∆ICOHP) at the Fermi energy for the optimized Janus and mixed
structures relative to the core–shell structure. Here, the ICOHP of the optimized core–shell
configuration is set to zero, represented by the horizontal red line passing through zero.
This panel is divided into three sections: the left, middle, and right panels correspond to
the binary Pd-3d, Pd-4d, and Pd-5d clusters, respectively.

Janus/mixed structure. It is important to note that the formulation and interpretation of

∆ICOHP closely resemble those of ∆E as defined in Section 5.3.2. Figure 5.9 also presents

the calculated ∆ICOHP values for all Pd-poor (patterned bars) and Pd-rich (filled bars)

nanoalloys. Interestingly, the variation in ∆ICOHP follows a similar trend to that observed

in the ∆E plot in Figure 5.5. This clear one-to-one correspondence between relative stabil-

ity and atom–atom covalency change suggests that the stability of these structures is funda-

mentally governed by covalency. The more stable a structure is, the higher its atom–atom

covalency, whereas the least stable structure exhibits the lowest covalency.

5.3.3 Microscopic characterization of the three morphologies

To characterize the three structural patterns of a bimetallic nanoalloy, the radial distribution

function (RDF) is a well-known and widely used quantity. The RDF for a bimetallic nanos-

tructure is defined as the number of atoms NA,B(r) of species A or B located within a shell at

a distance between r and r+∆r from the center of the nanocluster[37],i,e, ρA,B(r) =
NA,B(r)
4πr2∆r .

In the case of core–shell and Janus clusters, the radial distribution function (ρA) and (ρB)

exhibits distinct bimodal distributions. On the other hand, bimetallic alloyed nanoparticles

show a more uniform mixing of the two atomic species, leading to RDF plots with narrower

peak distributions[38]. The ordering of the two elemental species in a core–shell structure

can be further understood by analyzing the segregation energy[39]. Similarly, a mixed

structure is typically characterized by an increase in mixing energy and a greater number

of hetero-atomic bonds[40]. Thus RDF and mixing energy do not always distinctly dif-
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ferentiate between core–shell and Janus configurations. This suggests the need for a more

precise microscopic descriptor. In this regard, the ”Orbital Hybridization Index” emerges

as a promising tool, offering a clearer distinction among the three structural patterns. Since

the constituent atomic species possess nearly filled valence orbitals, these systems are ex-

pected to exhibit significant orbital hybridization. To quantify this effect, we calculate the

orbital hybridization index[40–42] , which provides a measure of the extent of orbital mix-

ing between atoms in the nanoalloy. The orbital hybridization index is determined using

the expression:

hkl =
147

∑
I=1

occ

∑
i=1

w(I)
i,k w(I)

i,l (5.3.3)

where k and l represent the orbital indices (s, p, and d), and w(I)
i,k and w(I)

i,l denote the pro-

jections of the i-th Kohn–Sham orbital onto the respective spherical harmonics centered at

atom I, integrated over a sphere of specified radius. The summation implicitly accounts

for spin contributions. Figure 5.10 presents the total hybridization index (hsd +hpd +hsp)

Figure 5.10: The plot of the total orbital hybridization index illustrates the variations
in orbital interactions among the optimized core–shell (black curve), Janus (red curve),
and Mixed (green curve) structures for each Pd55X92 (left) and Pd92X55 (right) cluster.
The horizontal dashed line represents the hybridization index for the pristine Pd147 cluster,
serving as a reference.

for each Pd55X92 (left) and Pd92X55 (right) cluster. The dashed line represents the total

hybridization index of the pristine Pd147 cluster, allowing for a direct comparison with
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bimetallic nanoalloys. The results indicate that the total hybridization index for all three

structural patterns in each bimetallic nanoalloy surpasses that of the pristine Pd147 cluster.

This increase stems from the higher number of itinerant electrons present in the bimetal-

lic systems. Among the nanoalloys, Pd–Ir exhibits the most significant enhancement in

total hybridization. This effect arises due to the presence of Ir, which contributes addi-

tional itinerant valence d-electrons, leading to stronger p–d and s–d hybridizations, thereby

amplifying the overall hybridization index. Conversely, the Pd–Ag nanoalloy exhibits the

smallest increase in orbital hybridization due to the reduced itinerancy of Ag’s valence d-

electrons. The variation of the total hybridization index in Figure 5.10 closely aligns with

the trend observed in cluster size in Figure 5.2. Specifically, lower hybridization correlates

with larger cluster sizes and vice versa. An intriguing observation from the hybridization in-

dex plot within a fixed composition is that the optimized Janus structure generally exhibits

the highest total hybridization among the three structural patterns. In contrast, the opti-

mized core–shell structure consistently shows the lowest total hybridization index, while

the optimized mixed structure falls in between.

5.3.4 Catalytic properties

5.3.4.1 Trend from d-band model

The catalytic activity of a given catalyst depends on the activation barrier of the rate-

determining step or the adsorption ability of an intermediate involved in that step[43, 44].

In catalytic processes over transition metals, the adsorption energies of different molecules

tend to follow a predictable scaling relationship, as do the transition state energies and

overall reaction energies[45–48]. This forms the foundation of the d-band model. In-

stead of calculating the energy of intermediates and transition states for each catalyst, the

well-established d-band center model, proposed by Hammer and Nørskov[19], provides a

straightforward way to relate catalytic activity to adsorption energy and, consequently, to

the electronic structure of a transition metal catalyst’s surface. The position of the d-band

center relative to the Fermi energy serves as a first-order descriptor of a catalyst’s ability

to bind adsorbates. According to this model, the strength of the adsorbate’s binding to the

catalyst surface effectively indicates the rate of catalytic activity. For an efficient catalytic

process, this bond strength should be balanced—not too strong nor too weak. If the bond

is too strong, the desorption barrier becomes too high, making it difficult for the product

to leave the surface after the reaction. Conversely, if the bond is too weak, the adsorption

barrier is high, limiting the overall reaction kinetics. Thus, an upward shift of the occu-

pied d-band center toward the Fermi energy corresponds to a stronger adsorption strength,

whereas a downward shift results in weaker adsorption. For our binary nanoalloys, we
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calculate the position of the occupied d-band center using the expression:

dcenter =

∫ EHOMO
0 ρE dE∫ EHOMO
0 ρ dE

(5.3.4)

where ρ is the d-density of states (DOS), E represents the d-level energy, and ρdE gives

the number of d-states within the energy interval E and E +dE. Our calculated position for

the occupied d-band center of the three structures for each bimetallic nanoalloy, relative to

the respective EHOMO (set at zero), is plotted in Figure 5.11. The d-band center position is

averaged over both spin channels. To provide a comparative reference, the corresponding

values for the pristine Pd147 and Pt147 clusters are marked with horizontal dashed lines. For

further insight, the d-orbital projected density of states (d-PDOS) for the three structures

of each bimetallic nanoalloy is also displayed in the right panel of Figure 5.11. The occu-

pied d-states for the structure showing the maximum up-shifting of the d-band center are

highlighted with a shaded region.

The plot of the occupied d-band center position in Figure 5.11 shows a clear up-shifting for

both compositions of the bimetallic Pd–Ni nanoalloys (Pd55Ni92 and Pd92Ni55) compared

to the pristine Pd147 cluster. This shift suggests that Pd–Ni nanoalloys will have a stronger

interaction with adsorbates, which is a key factor in catalytic performance. A similar up-

shifting is observed for the mixed structure of the Pd-rich Pd–Cu nanoalloy (Pd92Cu55). For

the remaining studied bimetallic nanoalloys, the occupied d-band center positions lie be-

tween those of the pristine Pd147 and Pt147 clusters. This suggests that their catalytic activity

is likely to be intermediate between the catalytic performances of these two monometallic

clusters. Additionally, it also reveals that the differences in occupied d-band center posi-

tions among the three structural patterns are minimal for both Pd–Ni and Pd–Pt nanoalloys,

regardless of composition. This implies that the catalytic activity of these systems is not sig-

nificantly influenced by changes in structural patterns. However, in practical applications,

catalytic activity is primarily determined by the availability of active surface sites.

The effect of the structural patterns in catalytic performance, based on our d-band model

based analysis, can be seen as the following.

• Pd-poor configuration: The core–shell structure is predicted to exhibit stronger in-

teractions with adsorbate molecules in Pd–Cu, Pd–Rh, and Pd–Ir nanoalloys. The

Janus structure is expected to enhance adsorbate binding in Pd–Co, Pd–Ni, and Pd–Pt

nanoalloys. Meanwhile, the mixed structure appears to favor stronger adsorbate inter-

actions in Pd–Ag and Pd–Au nanoalloys. The structure with the most up-shifting of

the occupied d-band center follows the predicted order: Ni (Janus) > Cu (Core–Shell)

> Co (Janus) > Rh (Core–Shell) > Pt (Janus) > Au (Mixed) > Ir (Core–Shell) >
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Figure 5.11: The left panel shows the position of the center of gravity of the occupied
d-band relative to the energy of the highest occupied level. The dashed horizontal lines
mark the corresponding values for the pristine icosahedral Pt147 and Pd147 clusters. The
right panel displays the d-PDOS for the three structures of each bimetallic nanoalloy. The
shaded region highlights the occupied d-states for the structure that exhibits the greatest
up-shifting of the occupied d-band center.

Ag (Mixed).

• Pd-rich configuration: Janus structures exhibit escalated reaction with adsorbate

molecules in case of alloying with Ni, Co, Rh, Pt, and Ir, while for mixed structures

in cases of alloying with Cu, Au, and Ag. The structure with the most up-shifting of

the occupied d-band center follows the predicted order: Cu (Mixed) > Ni (Janus) >

Co (Janus) > Rh (Janus) > Pt (Janus) > Au (Mixed) > Ag (Mixed) > Ir (Janus).

Figure 5.11 also marks the energetically most stable structure for each bimetallic nanoalloy

of either composition with the # symbol. Interestingly, in most cases, the structure exhibit-

ing the highest catalytic activity does not correspond to the most energetically stable con-

figuration. This aligns with the fundamental understanding that non-equilibrium systems

tend to show enhanced catalytic activity[49]. The Janus structure appears more frequently
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as the catalytically most active configuration, likely due to the presence of a highly strained

interface between the two atomic species[50, 51]. According to our analysis of the occu-

pied d-band center position, the bimetallic Pd–Ni nanoalloy exhibits the most significant

up-shifting of the occupied d-center towards the Fermi level in both compositions.

5.3.4.2 Catalytic activity in CO molecule adsorption

To directly compare the catalytic activity relative to the pristine Pd147 cluster, we conduct

a rigorous analysis of CO molecule adsorption on each structure of the bimetallic Pd–Ni

nanoalloy for both compositions. To simplify our analysis, we focus on the adsorption of a

carbon monoxide (CO) molecule at the atop position on a least-coordinated vertex site. For

the pristine Pd147 cluster and the three structures of the Pd-rich bimetallic Pd–Ni cluster

(Pd92Ni55), the CO molecule is adsorbed on a surface Pd site. In contrast, for the three

structures of the Pd-poor cluster, CO adsorption occurs on a surface Ni site at the vertex

position. The optimized CO-adsorbed structures are depicted in Figure 5.12. This choice of

adsorption site is supported by previous studies, which have also found that CO adsorption

at the atop position on a Pd surface is energetically favorable[52].

Figure 5.12: The left panel presents the optimized configurations for CO adsorption on
a surface Pd atom at the atop position for both the pristine Pd147 cluster and the three
structural patterns of the Pd92Ni55 cluster. In the right panels, the top plot illustrates our
calculated adsorption energy for these four systems, while the bottom plot displays the po-
sition of the d-band center with respect to the Fermi energy at the corresponding adsorption
site. The filled symbols represent data for the pristine Pd147 cluster and the Pd-rich Pd–Ni
nanoalloy, whereas empty symbols indicate those for the Pd-poor Pd–Ni nanoalloy.

The adsorption energy for the CO-adsorbed systems is calculated using the formula Eabs
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= E(NimPdnCO) - E(NimPdn) - E(CO). To interpret the observed trends in this, we also

analyze the position of the occupied d-band center at the adsorption site. The calcu-

lated adsorption energy and corresponding d-band center positions are illustrated in Fig-

ure 5.12. Our calculated adsorption energy for the pristine Pd147 cluster (Eabs(Pd147) =

1.79 eV) aligns well with previously reported values, such as the adsorption energy of

a CO molecule on a Pt(111) surface (Eabs(Pt(111)/CO) = 1.64 eV)[53, 54] or on a Pt55

nanocluster(Eabs(Pt55CO)=2.04-2.37 eV) obtained via DFT-PBE calculations[52]. From

Figure 5.12, it is evident that the Pd-poor Pd–Ni nanoalloy exhibits a higher adsorption en-

ergy compared to the Pd-rich Pd–Ni nanoalloy. This is primarily due to the stronger bond

between the CO molecule and a surface Ni atom compared to a surface Pd atom. Addi-

tionally, the right panel illustrates the position of the occupied d-band center relative to the

Fermi energy at the adsorption site. Notably, the occupied d-band center is up-shifted more

for each structure of the Pd-poor Pd–Ni nanoalloy compared to that of the Pd-rich Pd–Ni

nanoalloy. This trend aligns with the observed enhancement in adsorption energy for the

Pd-poor bimetallic Pd–Ni nanoalloy.

5.3.5 Size effects

The calculated results discussed so far have been based on a cluster size of 147 atoms. To

explore potential cluster size effects, a similar analysis is conducted on a 55-atom icosahe-

dral geometry, specifically for the bimetallic Pd–Ni nanoalloy. This represents the second

closed-shell structure, with 13 atoms in the core and 42 atoms on the surface. The anal-

ysis is done for the three structural patterns for two compositions: Pd13Ni42(Pd-poor) and

Pd42Ni13 (Pd-rich).

The results, plotted in Figure 5.13, reveal that the relative stability order differs between

compositions. For the Pd13Ni42 (Pd-poor) cluster, the stability follows the trend Janus >

Mixed > Core–Shell. Conversely, for the Pd42Ni13 (Pd-rich) cluster, the order is Core–Shell

> Mixed> Janus. These trends are consistent with the variation in surface energy, reinforc-

ing the observed stability hierarchy. Additionally, the analysis of orbital hybridization in

the 55-atom Pd–Ni nanocluster shows a clear pattern: the Janus structure exhibits the high-

est total hybridization, while the Core–Shell structure has the least. The position of the

occupied d-band center relative to the Fermi level follows the same trend in catalytic ac-

tivity among the three structural patterns of the 55-atom Pd–Ni nanoalloy as observed in

the 147-atom Pd–Ni clusters, regardless of composition. This consistency across different

cluster sizes suggests that cluster size does not significantly impact the overall trends in

stability, orbital hybridization, or catalytic activity for the Pd–X bimetallic nanoalloys.

163



5.3. Results

Figure 5.13: Plot of total energy difference, formation energy, surface energy, orbital hy-
bridization and position of the d-band center for the optimized core–shell, Janus and Mixed
structures of the 55-atom sized bimetallic Pd–Ni cluster in both compositions.
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5.4 Summary and Discussions

This study builds on the previous work by investigating the effects of composition and size

on nanocluster stability. We consider two composition limits(where the concentration of

one component in the bimetallic cluster is greater than the other and vice versa) and two

cluster sizes of 147 and 55 atoms. Based on DFT calculations, the structural stability, elec-

tronic properties and catalytic performance of eight bimetallic Pd–X nanoalloys (X = Co,

Ni, Cu, Rh, Ag, Ir, Pt, Au) are explored. The Pd-X systems are chosen for exploration

because they can be probable alternatives to Pt-based electrocatalysts, which are scarce and

expensive. The relative stability of these structures is influenced by several factors. For Pd-

3d pairs, the primary governing factor is the atomic-radius difference between Pd and X. In

the case of Pd–Rh, Pd–Ir, and Pd–Pt pairs, stability is determined by a competition between

atomic-radius difference and bulk cohesive energy. For Pd–Ag and Pd–Au pairs, surface

energy differences play a dominant role. Using Integrated Crystal Orbital Hamiltonian

Population (ICOHP) analysis, it is found that higher atom–atom covalency corresponds to

greater structural stability, while the least stable structures exhibit weaker covalent bond-

ing. The three structural patterns (Core–Shell, Janus, and Mixed) exhibit distinct orbital

hybridization trends. The Janus structure shows the highest orbital hybridization, the Mixed

structure has an intermediate level, and the Core–Shell structure has the least hybridization.

The catalytic activity of these Pd–X nanoalloys is predicted by analyzing the shifting of

the occupied d-band center position. Most Pd–X nanoalloys exhibit catalytic activity in-

termediate to that of pristine Pt and Pd clusters. However, in many cases, the catalytically

most active structure differs from the energetically most stable structure, reinforcing the

idea that non-equilibrium structures often exhibit higher catalytic efficiency. Among the

studied nanoalloys, Pd–Ni shows the most significant up-shifting of the occupied d-band

center, indicating a stronger interaction with adsorbate molecules. A CO adsorption study

on Pd–Ni clusters confirms that the trend in adsorption energy aligns with the d-band cen-

ter shifting, further validating the catalytic potential of Pd–Ni alloys. To investigate cluster

size effects, the analysis is repeated for a 55-atom Pd–Ni cluster, showing that size does not

significantly alter the observed trends in stability, hybridization, or catalytic activity.
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6
Machine-learning prediction of the
formation of atomic gold wires by
mechanically controlled break junctions

6.1 Introduction and Motivation

The thinnest metallic wire possible consists of one-dimensional array of metal atoms con-

nected between two metal leads. Due to relativistic effects[1–3], the formation of such

atomic chains is commonly observed in break-junction experiments involving late 5d met-

als like Ir, Pt, and Au, particularly at cryogenic temperatures[4–7]. These atomic chains,

as ideal one-dimensional systems, serve as a valuable platform for studying quantum me-

chanical transport[8–12], atomistic magnetism[13–18], and many-body phases driven by

strong Coulomb interactions, such as the Tomonaga–Luttinger liquid[19–21]. Notably,

these chains exhibit remarkable mechanical stability, lasting up to an hour, and can sustain

extremely high current densities, reaching approximately 2.1 × 1015 A/m2 at cryogenic

temperatures[22, 23].

In mechanically controlled break-junction(MCBJ) experiments, thousands of junctions are

typically created and their conductance measured, resulting in a vast number of distinct

conductance traces. A crucial step toward utilizing atomic chains for desired functionali-

ties is understanding and controlling external factors that influence chain formation. The

electric field and stretching rate in the break-junction setup have been shown to affect both

the mechanical stability and transport properties of these chains[24–27]. The electric field

*This chapter is based on publication: Aishwaryo Ghosh†, Biswajit Pabi†, Atindra Nath Pal and Tanusri
Saha-Dasgupta, Nanoscale 15,17045-17054(2023). († These authors contributed equally to this work)
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is supplied by applying a bias voltage across the atomic junction to make conductance mea-

surements, while the stretching rate defines the speed at which a wire sample is effectively

pulled apart to form a chain. However, the combined effect of these factors has not been

thoroughly investigated with the goal of optimizing atomic chain formation. Standard his-

togram analysis often falls short in identifying the specific characteristics of conductance

traces influenced by the nanoscale structure of the metal electrode before the rupture of the

metal point contact.

An effective approach to address this challenge is the use of machine learning, which lever-

ages computational power to identify patterns within system features and their outcomes.

Machine learning has gained popularity as an efficient optimization tool, particularly when

dealing with large datasets. Given the extensive data generated in break-junction experi-

ments, machine learning is well-suited for optimizing atomic wire formation. Recent stud-

ies have already demonstrated the use of machine learning in predicting single-molecule

conductance[28–34]. Deep learning methods have also been used to identify molecular

junction characteristics in scanning tunneling microscope-based break junctions[35–38].

In this study, we apply a combination of supervised and unsupervised machine learning,

along with molecular dynamics (MD) simulations, to investigate the formation of long

atomic chains of gold on the experimental dataset generated in MCBJ experiments con-

ducted by the group of Professor Atindra Nath Pal. The details of the experiment can be

found at [39].

6.2 Methodology

To predict the optimal conditions for chain formation, a supervised machine learning algo-

rithm is employed( for details, see section 2.2.1.1). The random forest algorithm, imple-

mented in the Scikit-learn[40] package, is used with the number of trees in the forest set to

500(determined through a grid search method) with no limit on tree depths. The model’s

fidelity is evaluated using 10-fold cross-validation, with the correlation coefficient serving

as the assessment metric. For feature extraction, an unsupervised learning approach based

on a stacked auto-encoder is adopted ( details in section 2.2.2.2.1). A clustering algorithm

is applied to differentiate various types of traces based on extracted features, with the el-

bow method used to determine the optimal number of clusters( details in section 2.2.2.3).

Finally, principal component analysis is performed to project the multidimensional feature

space into a lower-dimensional data representation for facilitating visualization, while pre-

serving essential information( details in section 2.2.2.1).

The experimental setup is modeled using density functional theory-based ab initio molec-
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ular dynamics calculations within the framework of the plane wave pseudo-potential ap-

proach, as implemented in the Vienna Ab Initio Simulation Package (VASP)[41, 42].

6.3 Results and Discussions

6.3.1 Description of dataset

The conductance of a gold atomic junction is measured at 77K by gradually and consistently

increasing the interelectrode separation. The mechanism breaks the sample gold wire from

its weak spot, which is then relaxed again to reestablish the contact(schematically repre-

sented in Figure 6.1(A)). This process is repeated multiple times, with each cycle form-

ing a new junction distinct from the previous one. The conductance vs displacement data

recorded during a complete cycle constitutes a conductance trace. Conductance traces at

varying breaking speeds and bias voltages are recorded for two independent samples, re-

sulting in two distinct data sets (Set-1 and Set-2). For Set-1, the stretching rate varies

between 0.5 nm/s to 12.5 nm/s. At each rate, conductance measurements are taken across

bias voltages ranging from 25 mV to 200 mV in 25 mV steps, yielding 72 unique combi-

nations. For each combination, 1000 consecutive conductance traces are collected. Based

on insights from Set-1, Set-2 focuses on lower stretching rates between 1 nm/s and 5 nm/s

(in 1 nm/s steps) and bias voltages from 10 mV to 425 mV, resulting in 90 different combi-

nations—again with 1000 traces per combination. Thus, in totality, there are 72000(90000)

traces in Set1(Set2). A few representative traces are shown in Figure 6.1(B), where a flat

conductance plateau at 1.0G0 (G0, quantum of conductance) demonstrates the formation of

a single atomic junction at its narrowest constriction[43–45].

6.3.2 Optimal conditions for long chain formation

The first step in setting up a supervised machine learning model is to create a training

dataset consisting of instances or data points and descriptors or attributes that describe each

data point. The attributes chosen for this study are bias voltage and stretching rate, the two

most important external parameters in the MCBJ experiment. As discussed earlier, in total,

72 different combinations of bias voltages and stretching rates are used for Set-1, while

90 combinations are used for Set-2. The development of a machine learning model also

requires defining a target. In line with the goal of the present study, the probability percent-

age of forming an atomic chain within a length range and at a given combination of bias

and breaking speed is set as the corresponding target. We consider several ranges of chain

lengths: 0–2 Å, 2–4 Å, 4–6 Å, 6–8 Å, and 8–10 Å. The atomic radius of gold is 1.46 Å, and

experimentally, the distance between gold atoms in a dimer is found to be 2.5 ± 0.2 Å[46].
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Figure 6.1: (A) The schematic layout of the three-point bending configuration of the MCBJ
setup illustrating a linear atomic chain at the narrowest cross-section of the junctions. (B)
Representative conductance displacement breaking traces of the gold atomic junction, with
traces shifted horizontally for better visualization.

Thus, a distance of more than 4 Å between the electrodes corresponds to a chain of three or

more atoms. For a particular bias voltage and stretching rate, the probability percentage of

forming a chain within a specific length range is calculated by determining the percentage

of traces recorded at that voltage and stretching rate that correspond to the given length

range. Among various supervised regression machine learning models, we choose the ran-

dom forest model, which has been successfully applied to different applications[47–49].

The correlation coefficient is found to be 0.94, with a mean absolute error of approximately

3%. The model is then used to predict the probabilities of forming chains of lengths be-

tween 4 Å and 10 Å at intermediate bias voltages and stretching rates that were not directly

sampled during experimentation. The probabilities of chain formation as a function of bias

voltage and stretching rate, derived from machine learning analysis on Set-1(Set-2), are

shown in contour plots in Figure 6.2 (inset of Figure 6.2). Chains of lengths between 4 and

10 Å for Set-1 are consistently formed around a bias voltage of 25–75 mV and a stretch-

ing rate of 2–4 nm/s, with probabilities significantly higher (0.8 and above) than in other

conditions. A similar trend is observed for Set-2, which focuses on the low-speed regions

(approximately 1–5 nm/s). The highest probabilities are found around a bias voltage of

approximately 50 mV and a stretching rate of approximately 3 nm/s. These results indicate

that the optimal conditions for forming longer atomic chains lie in the low bias voltage

and low stretching rate regime. The ML-predicted values for optimized settings can be

explained by the combined effects of current-induced embrittlement[50] and the stretching

rate-dependent breaking mechanism of atomic contacts[51]. The influence of bias voltage

or current operates in two ways. First, the current-induced force, resulting from electron

scattering, weakens the bonds in the chain, reducing its tensile strength. Second, a large
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Figure 6.2: Chain formation probabilities for three different ranges of chain length are
analyzed as a function of bias voltage and stretching rate for Set-1, with the corresponding
results for Set-2 shown in the inset.

current increases the effective temperature of the chain through local ionic heating, even

in the ballistic transport regime, as suggested by Todorov[52]. As a result, the probabil-

ity of thermally activated fracture increases with rising current[50], necessitating a delicate

balance. Similarly, the optimal stretching rates of 2–4 nm/s fall within an intermediate

range that allows for sufficient structural relaxation near the contacts during mechanical

elongation, facilitating the formation of longer chains. At higher stretching speeds, this

relaxation may not occur, as the junction may break before reaching a stable configuration

due to excessive mechanical loading. On the other hand, if the stretching rate is too slow or

comparable to atomic diffusion velocity[51], the mechanical elongation completely relaxes

through atomic rearrangements near the contacts, rather than pulling atoms from the atomic

reservoir.

It is important to note that the diameter of the starting Au wire (≈ 100 µm) and the size or

shape of the notch (around 30–40 µm) do not significantly affect chain formation, as these

dimensions are in the bulk limit, whereas the study focuses on the atomic limit. Temper-

ature is also expected to play a crucial role in the chain formation process. However, our

specific interest lies in optimizing the chain formation phenomena at a given temperature.

While the obtained optimal conditions may vary at different temperatures, the fundamental

mechanism uncovered in our study should remain unchanged. Additionally, the intrinsic

mechanical vibrations of the experimental setup also influence the lifetime of atomic con-

tacts, although quantifying this effect is difficult.
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6.3.3 Trace features

After establishing the optimal bias and speed settings for long chain formation, we next ex-

amine whether specific characteristics in the conductance–displacement traces correspond

to particular electrode configurations that lead to such long chains. To answer this, indi-

vidual traces must be analyzed, as they contain detailed information about atomic chain

formation that is not immediately evident. Each trace represents a unique formation and

breaking sequence of an atomic junction. The most crucial aspect is the shape and length

of the conductance plateaus near the conductance value of 1G0, which provide insights

into atomic arrangements just before breaking. The main challenge is extracting relevant

chain formation information from a large and highly varied dataset of traces. Since there

is no prior knowledge of possible atomic junction variations formed during the experiment,

an unsupervised machine learning approach is the most suitable method. In this context,

deep learning methods[53], which have recently gained prominence in solving scientific

and engineering problems[54], are applied in an unsupervised scheme. These methods

have been widely used in various fields, including natural language processing[55], speech

recognition[56], and image recognition[57], to analyze and extract information from raw

data[58]. Unlike supervised machine learning, (unsupervised) deep learning can uncover

complex, non-linear relationships between input and output without the need for explicit

feature construction. For the next step, focusing on Set-2, we apply an unsupervised deep

learning algorithm similar to that of Huang et al[59] to analyze the inherent characteris-

tics of experimental conductance traces and classify them accordingly. The first step of

this analysis involves pre-processing the experimental data to ensure that each conductance

trace has the same dimensionality. This is achieved by selecting the same number of equi-

spaced data points M from each trace within the conductance range of 0.7G0 to 1.4G0, the

region that primarily encodes information about atomic chain formation before breaking.

A value of M = 100 is found to provide sufficient accuracy without adding computational

overhead. Consequently, traces with fewer than M data points in the specified range are

discarded, reducing the original dataset from approximately 90,000 to around 22,000. This

results in a modified dataset of the form Gn(m); n ∈ 1,2,. . . N; m ∈ 1,2,. . . M, where n repre-

sents the trace index, N is the total number of traces in the dataset and m denotes the points

in each trace. These data are then used in a stacked auto-encoder for feature extraction. The

working principle of an autoencoder can be found in Section 2.2.2.2. Certain algorithm-

specific hyperparameters are associated with the training of the stacked autoencoder model.

These include the size of the code layer or feature space, the number of layers in both the

encoder and decoder, and the number of nodes in each layer. The detailed network archi-

tecture is provided in Table 6.1. The Adam optimizer is used in the model. Additionally,
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Figure 6.3: (A) Schematic illustration of the autoencoder algorithm used to extract latent
features from experimental data traces. (B) Schematic representation of the K-means clus-
tering combined with Principal Component Analysis (PCA) for grouping and visualizing
the extracted features in a reduced-dimensional space.

two key parameters required for neural network training, the learning rate and batch size,

are set to 1e-5 and 100, respectively. The model is trained for 400 epochs, beyond which

the loss function saturates. Next, a K-means clustering algorithm( see section 2.2.2.3) is

used to group the data based on the similarity of the extracted features. Since clustering

is performed based on the multidimensional feature space, a reduced representation of this

space is needed for ease of interpretation while maintaining maximum data variance. This

is achieved using the Principal Component Analysis (PCA) algorithm( see section 2.2.2.1).
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Layer Name No of Nodes Activation function
Input Layer 100 None

Encoder Hidden Layer 1 75 Sigmoid
Hidden Layer 2 50 Sigmoid

Feature Feature Layer 25 Sigmoid

Hidden Layer 1 50 Sigmoid
Decoder Hidden Layer 2 75 Sigmoid

Output Layer 100 None

Table 6.1: The network architecture of the stacked auto-encoder model

The clustered data are projected onto the first two principal components. The combination

of feature extraction (Figure 6.3(A)) and the clustering exercise (Figure 6.3(B)) results in

three distinct cluster classes with 5614, 7032, and 9225 instances, which are labeled Type0,

Type1, and Type2, respectively. The clustered and PC-projected traces are shown in Figure

6.4(A). To probe the distinctive characteristics of these three types, a few representative

conductance displacement traces for each case are shown in Figure 6.4(B). The traces are

shifted horizontally for better visualization. One immediate observation is that the plateaus

of Type1 are flat at 1.0G0, in contrast to the slanted plateaus of Type0 and Type2. To gain

a clearer picture from a large number of statistically independent configurations, 2D con-

ductance displacement histograms and 1D conductance histograms are presented in the left

and right panels for each distinguished type in Figure 6.4(C). The histograms of Type0 re-

veal two peaks around 1.0G0, with the conductance plateaus extending over a broad range.

In contrast, Type1 exhibits a sharp and highly intense peak centered around 1.0G0 with

a symmetric distribution. Meanwhile, Type2 plateaus show an asymmetric distribution of

weight around the sharp, high-intensity peak. A comparison of the 1D histograms of the

three types is presented in Figure 6.5, clearly demonstrating the characteristic differences

among them.

It has been explored that the electrical conductance of an atomic contact is closely linked to

its structural configuration[60]. A monomeric contact exhibits conductance values ranging

from 1.2G0 to 0.76G0, with an average of 0.97G0. In contrast, a dimeric contact has a

narrower conductance range of 0.99G0 to 0.85G0, averaging at 0.92G0[61]. This suggests

that monomeric contacts exhibit a broader range of conductance values compared to dimers.

The reason is straightforward: in a monomeric contact, the central atom’s neighboring

atoms can adopt multiple degenerate structures, leading to greater variability. In contrast, a

dimeric contact is constrained by the specific arrangement of its two atoms. Additionally,

monomers can be positioned either closer to or farther from the rest of the contact, further
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Figure 6.4: (A) The cluster classes of experimental traces projected onto the first two
principal components (PC1 and PC2) of the feature space. The yellow points indicate
the cluster centers. The dark blue, brown, and cyan circles correspond to Type0, Type1,
and Type2, respectively. The traces recorded at 50 mV and 3 nm/s are represented by
red symbols. (B) Three distinct classes of conductance displacement traces—Type0 (red),
Type1 (green), and Type2 (blue). (C) Conductance displacement histogram (left panel) and
conductance histogram (right panel) corresponding to the three different classes.

Figure 6.5: A comparison of the 1D histograms of three types demonstrating the charac-
teristics difference among them.

contributing to their wider conductance distribution[61]. Therefore, the two peaks observed

in the histogram of Type0 likely result from the formation of stable monomeric and dimeric

contacts during stretching. In contrast, a closer look at the 2D and 1D histograms of Type2

reveals that its initial conductance value exceeds 1.0G0 but decreases to 1.0G0 or even lower

as stretching progresses. This behavior differs from that of Type1, where the plateaus begin

at or below 1.0G0 and remain relatively unchanged during stretching. The characteristics of

Type1 and Type2 can be understood by linking the experimentally measured transmission
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channel contributions of gold atomic contacts to their conductance, as reported in previous

studies[60, 62–64]. According to these studies, atomic contacts dominated by a single

channel at the initial stage exhibit conductance values ranging from 0.3G0 to 0.9G0, which

aligns with our observations for Type1 contacts. In cases where two channels are initially

involved but reduce to one upon stretching, the conductance can reach up to 1.2G0, similar

to our Type2 contacts. Additionally, theoretical simulations suggest that these two channels

arise from contributions of two atoms at the narrowest junction, displaced relative to each

other[60]. Therefore, the initial geometric configuration of the atomic junctions plays a

crucial role in defining the distinct conductance traces observed in Type1 and Type2.

6.4 Molecular understanding: ab initio MD simulations

After classifying the traces, we analyze which category is most associated with the for-

mation of long atomic chains. As shown in Figure 6.4(A), ≈ 75% of these traces belong

to Type2. This suggests that the unique structural characteristics of Type2 junctions play

a crucial role in promoting long-chain formation. As previously discussed, Type2 junc-

tions likely exhibit an initial double-contact-like structure that gradually transitions into a

single-channel configuration. This structural evolution helps sustain the chain for longer

lengths before eventual breaking. To support our findings, we utilize ab-initio molecular

dynamics simulations[65, 66]. The objective is to investigate the microscopic influence

of the initial atomic arrangement on chain formation. For this, we model the experimen-

tal setup using density functional theory-based ab-initio electronic structure calculations

within the plane-wave pseudo-potential framework, as implemented in the Vienna ab-initio

Simulation Package (VASP)[41, 42]. In our simulations, a gold slab is used for constructing

initial atomic junction structures. These structures include single-atom and two-atom con-

figurations to replicate single-contact and double-contact-like atomic junctions and their

evolution under mechanical stretching. The system is separated by a 15 Å vacuum and

maintained at a fixed temperature using an NVT canonical ensemble with a Nosé–Hoover

thermostat[67–69]. The stretching process is simulated by symmetrically increasing the

separation between the gold electrodes in incremental steps. The effective stretching speed

is ≈ 1 m/s, and the elongation continues until the atomic contacts rupture. It is important to

note that due to the computational expense of ab initio molecular dynamics (AIMD) sim-

ulations, the stretching speed is artificially increased to observe the growth process within

a feasible timeframe. This adjustment is justified, as the primary objective of the AIMD

simulation is to gain microscopic insights into the influence of initial atomic arrangements

rather than to precisely replicate experimental conditions. Similar approaches have been

employed in lierature[70].
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Figure 6.6: MD simulation capturing the time evolution of atomic chains, starting from
two distinct initial configurations. The top row (A–C) represents the evolution from a single
atomic contact, corresponding to our Type1 traces. The bottom row (D–F) illustrates the
evolution from a double atomic contact, associated with Type2 traces.

Figures 6.6(A)–(C) illustrate the evolution of an atomic junction with a single atomic con-

tact, corresponding to Type1 traces. Initially, as shown in Figure 6.6(A), the junction ex-

hibits a single conductance channel. Upon stretching, this configuration transitions into a

dimer of gold atoms (Figure 6.6(B)), which ultimately separates upon further elongation

(Figure 6.6(C) and the zoomed-in view). This observation aligns with a previous study[60],

which reported that the final conductance plateau of a contact with a single-atom cross-

section is formed by a dimer of gold atoms. Figures 6.6(D)–(F) illustrate the evolution

of an atomic junction with a double atomic contact, corresponding to Type2 traces. Un-

like Type1, where a single conductance channel forms before breaking, the initial junction

in Type2 (Figure 6.6(D)) develops two parallel conductance channels upon pulling (Fig-

ure 6.6(E)). With further elongation, these two channels merge into a single atomic chain

(Figure 6.6(F)), which sustains the structure for a longer duration before rupture. This mi-

croscopic difference in initial configurations explains why Type2 traces exhibit longer chain

lengths compared to Type1. Notably, in the case of a dual atomic junction, the transition

from two parallel channels to a coalesced single atomic junction is driven by the starting

geometry, which ultimately determines the chain length.
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6.5 Summary and Conclusion

One of the key challenges in break-junction experiments aimed at forming atomic wires is

achieving stable monoatomic chains of sufficient length. In this study, we address this issue

through an integrated approach combining unsupervised and supervised machine learning

models, trained on experimentally obtained conductance traces. Using two independent

datasets, each comprising 72,000 and 90,000 conductance–displacement traces from single-

atom junctions, we first determine the optimal conditions of bias voltage and stretching rate

for the formation of chains longer than 4 Å. The optimal conditions are found to be low bias

and low stretching rate limit. We then employ a deep learning model to classify individual

breaking traces, allowing us to identify specific trace features that correlate with long-chain

formation. We find three kinds of traces, and it is seen that a specific type, emerging from a

double-contact like initial structure, gives the majority of long chains . We perform ab initio

molecular dynamics simulations, which provide microscopic insights into the mechanisms

underlying atomic wire formation and corroborates our finding. This understanding offers

valuable guidance for future MCBJ experiment design and optimization.
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7
Ab-initio trained machine learning
potential for MAX compound Ti2AlC:
construction, validation, and study of
non linear elasticity

7.1 Introduction and Motivation

The MAX phase compounds, initially discovered in powder form by Nowotny and col-

leagues in the 1970s and 1980s[1, 2], and later synthesized in phase-pure bulk form by

Barsoum and coworkers in 1996[3], have generated significant interest in the materials sci-

ence community due to their exceptional properties[4–7]. These layered materials belong

to a growing family of ternary carbides and/or nitrides with the general formula Mn+1AXn,

where n = 1, 2, or 3. Here, M represents an early transition metal, A is an A-group element,

and X denotes carbon and/or nitrogen(cf Figure 7.1). The unit cell of MAX phases consist

of M6X octahedra, where X atoms occupy the octahedral sites between M atoms, similar

to MX binary compounds. These octahedral layers alternate with layers of A elements,

which are larger in size compared to M or X atoms(cf Figure 7.1). The separation of A

layers depends on the n value, determining the number of octahedral layers in the structure.

MAX compounds exhibit a unique combination of properties, bridging the gap between

metals and ceramics. They are excellent electrical conductors, with resistivity values rang-

ing from 0.2 to 0.7 µΩm at room temperature[4, 7], while also demonstrating high elastic

This chapter is based on publication: Aishwaryo Ghosh, Amitava Moitra and Tanusri Saha-Dasgupta, J.
Phys. Mater. 8 025001 (2025).
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7.1. Introduction and Motivation

Figure 7.1: The elements present in reported MAX phases, with their crystal structures
varying across the 211, 312, and 413 phases.

rigidity[8, 9]. Despite their stiffness, unlike conventional binary MX compounds, MAX

phases are highly machinable[10]-even with a manual hacksaw. These remarkable charac-

teristics have positioned MAX compounds as a highly discussed material with promising

applications across various fields. Extensive research has been conducted to investigate the

unique physical, chemical, and mechanical properties of MAX compounds[11–18]. The-

oretical studies on MAX phase properties predominantly rely on first-principles density

functional theory (DFT) calculations[11, 12, 16–20], which examine electronic structure,

bonding, and related phenomena such as magnetism. In contrast, fewer theoretical stud-

ies have focused on the mechanical properties of these compounds. Notably, one of the

most intriguing aspects of MAX phases is their nonlinear hysteretic elastic behavior which

is an uncommon trait for materials with high elastic stiffness. This nonlinear response is

observed as reversible hysteresis loops in the stress–strain behavior during loading and un-

loading cycles, with the shape and size of these loops being strongly dependent on the grain

size of the sample.

MAX compounds exhibit a layered geometry similar to that of graphite or mica. The de-

formation mechanisms of layered crystalline solids have traditionally been explained us-

ing basal dislocations[21–24]. More recently, Kushima et al.[25] introduced the concept

of ripplocations to describe near-surface deformations in van der Waals solids. Barsoum

and colleagues[26, 27]further expanded this idea, proposing that layered crystalline solids

fail through the nucleation and propagation of ripplocations rather than basal dislocations.

While experimental evidence for ripplocations in MAX compounds has been confirmed via
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transmission electron microscopy (TEM) observations on Ti3SiC2, the theoretical calcula-

tions supporting this concept were primarily conducted on graphite[28].

First-principles DFT simulations in this context are limited by their poor scaling behavior

(O(ne
3) or higher), restricting studies to relatively small systems of a few hundred atoms and

short timescales of a few hundred picoseconds. To complement this, large-scale atomistic

simulations offer a viable approach for investigating deformation behavior and dislocation

mobility under varying temperature and strain conditions, as demonstrated for graphite in

Refs[29, 30]. However, molecular dynamics (MD) simulations require reliable interaction

potentials, which pose a challenge in multicomponent MAX phases due to the presence

of multiple bonding types. Unlike graphite and other layered materials where layers are

bound by van der Waals forces, MAX phases exhibit a unique combination of bonding

types: strong, directional covalent M–X bonds, relatively weaker M–A bonds, and metal-

lic M–M bonding. The M–A bonds are too strong to be disrupted by shear or mechani-

cal forces, which is why MXene, the two-dimensional derivative of MAX, is synthesized

through selective chemical etching of the A layers rather than mechanical exfoliation[31].

To the best of our knowledge, only a few recent efforts have been made to develop force

fields for MAX compounds. A modified embedded atom method (MEAM) interatomic

potential[32] was created for Ti2AlC[33], where second-nearest-neighbor MEAM parame-

ters were derived using Ti (HCP), Al (FCC), C (Diamond), TiAl (BCC-B2), TiC (FCC-B1),

and AlC (FCC-B1) as reference structures, fitted to target properties. Additionally, a bond-

order potential[34, 35] has been developed for Ti3AlC2 and Ti3SiC2 MAX phases[36],

based on structural, elastic, and defect properties across unary, binary, and ternary systems.

However, since these are fitting models, their applicability to diverse physical properties

remains uncertain. Ideally, force fields would be derived directly from first-principles cal-

culations for greater reliability.

In recent years, machine learning (ML) techniques have revolutionized computational stud-

ies, addressing several challenges in atomistic simulations. ML-based methods, particu-

larly ML interatomic potentials (MLIPs), have emerged as powerful tools for accurately

modeling potential energy surfaces based on local environment descriptors that remain in-

variant to rotation, translation, and permutation of homonuclear atoms. These potentials

have proven highly effective in studying the mechanical and structural properties of vari-

ous materials. Trained on extensive datasets of atomic configurations with corresponding

energy, force, and stress information from first-principles calculations, MLIPs offer remark-

able accuracy and adaptability compared to traditional interatomic potentials[37, 38]. They

not only accelerate the development of new models, but also achieve accuracy compara-

ble to first-principles methods while iteratively improving their predictions. MLIPs have
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been successfully applied to elemental crystalline[39, 40] and amorphous[39, 40] solids,

as well as nanoparticles[41–44]. Moreover, their applicability has extended to binary and

multinary[45–48] systems. Recently, deep-graph-neural-network-based universal founda-

tional models are being explored to develop MLIPs that can be applied across diverse sys-

tems, covering nearly all elements in the periodic table[49].

In this study, we employ an approach to develop a machine-learned interatomic potential

trained on first-principles data for MAX compounds. Using Ti2AlC—a well-studied MAX

phase—as a test case, we evaluate the effectiveness of the developed potential by compar-

ing key structural properties such as lattice parameters, elastic constants, bulk and Young’s

modulus, Poisson’s ratio, formation energy, and stacking fault behavior. The results demon-

strate that the machine-learned potential accurately represents both the mechanical proper-

ties and energetics of Ti2AlC. Building on this, we further explore the nonlinear hystere-

sis behavior in stress–strain properties, revealing that the developed potential effectively

captures the material’s nonlinear elasticity and identifies ripplocations as the underlying

micromechanism. Additionally, we investigate the impact of defects, particularly Al vacan-

cies, on elastic properties.

7.2 Method

To develop machine-learned interatomic potential for the three-component MAX com-

pound with diverse chemical bonding characteristics, we utilize the moment tensor potential

(MTP) approach[50], implemented using the MAML package[51]. We also explored other

available machine-learned potential frameworks, such as the Spectral Neighbor Analysis

Potential (SNAP)[52] and Gaussian Approximation Potentials (GAP)[53]. However, MTP

demonstrated the best performance for our study. A comparative analysis of these poten-

tials in terms of MAE and RMSE of force and energy in our specific case is provided in the

Table 7.1.

Model
Force Energy

MAE (eV/Å) RMSE (eV/Å) MAE (meV/atom) RMSE (meV/atom)
SNAP 0.04 0.07 0.8 1.1
GAP 0.092 0.16 1.8 2.5
MTP 0.02 0.04 0.6 0.8

Table 7.1: Comparison of the performance of different machine learning algorithms in
predicting force and energy on the test set.

The workflow of the algorithm is represented in Figure 7.2. The MTP parameters are op-

timized using a training set composed of various configurations of Ti2AlC. These con-
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Figure 7.2: Workflow of generating the MLIP based on MTP algorithm

figurations include snapshots extracted from ab initio molecular dynamics (AIMD) sim-

ulation trajectories of both unstrained and strained systems. The AIMD simulations are

conducted within a plane-wave framework using the Vienna Ab-initio Simulation Pack-

age (VASP)[54, 55], with the Perdew–Burke–Ernzerhof (PBE)[56] generalized gradient

approximation chosen for the exchange-correlation potential. A plane-wave energy cutoff

of 600 eV is applied, and the convergence threshold for the forces is set to 0.001 eV/Å.

MD simulations are carried out over a 200 fs timespan with a 1 fs time step under temper-

ature conditions ranging from 50 K to 1300 K. Since our focus remains on the deformation

properties of the solid phase, we intentionally avoid configurations exceeding the melting

temperature of Ti2AlC (1898 K)[57]. A 2 × 2 × 2 supercell and an 8 × 8 × 2 k-point

grid are employed. The Nose thermostat[58] is used to regulate the simulation tempera-

ture. Furthermore, structures subjected to shear parallel to the ab plane up to 10 degrees

are included. In total, approximately 1900 different configurations are incorporated into the

training set.

The mathematical formulation of the MTP can be found in Section 2.4.1. In brief, the

total energy of the system can be seen as a collection of individual atomic contributions.

Each contribution can be expanded in terms of basis functions Bα which in turn are con-

tractions of the so-called moment tensor descriptors Mµν . These descriptors have a radial

part and an angular part. The former can be expanded in terms of a set of NQ radial ba-

sis functions, while the latter is a tensor of rank ν . For constructing the basis functions,

the level of moments(=2+4µ+ν) is constructed and all functions lower than a preset maxi-

mum value,levmax, are considered. The hyperparameters NQ and levmax are chosen using a
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cross-validated grid-search method. The grid search space consists of a 3×3 parameter grid

with NQ = [4,6,8] and levmax = [14,16,18]. Model evaluation is conducted using a 10-fold

cross-validation scheme, where the training dataset is divided into 10 equal subsets (folds).

The model is trained on 9 folds while the remaining fold is used for validation, with this

process repeated 10 times to ensure each fold serves as the validation set once. The final

performance of each hyperparameter combination is determined by averaging the results

across these iterations. Scoring is based on absolute errors in force evaluation, as force

precision is crucial for our application. During the creation of the n-fold cross-validation,

special care is taken to ensure that each fold maintains a similar distribution of different

configurations (such as temperature snapshots and strained structures) as the full dataset.

The final hyperparameter selection is based on achieving an acceptable score while avoid-

ing unnecessary model complexity, as further increases in complexity yield only marginal

improvements. A comparison of different hyperparameter combinations (see table 7.2) in-

dicates that the variation in mean absolute error (MAE) is mild, with the optimal choice

being NQ = 8 and levmax = 16.

Hyperparameters
NQ levmax Force MAE (eV/Å)
6 14 0.030
6 16 0.032
6 18 0.034
8 14 0.035
8 16 0.025
8 18 0.024

Table 7.2: Hyperparameter settings and corresponding Force MAE values.

For levmax = 16, four radial functions fµ are considered, and 92 basis functions are formed

by contracting one or more allowed moments Mµν . For NQ = 8 and the four radial func-

tions, 32 radial coefficients are required for each combination of atomic types zi and z j. In

the Ti-Al-C system, there are 9 such combinations. Consequently, MTPs are fitted with 288

radial coefficients (32 × 9) and 92 moment coefficients (η).

7.3 Results

7.3.1 Performance of the MLIP

During potential training, the mean absolute errors in force and energy per atom for the

test set, which comprises 10% of the total dataset, are 0.02 eV/Å and 0.6 meV/atom, re-

spectively. These values fall within the acceptable range, aligning with literature values
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(0.03–0.15 eV/Å for force and 0.22–2.73 meV/atom for energy) reported for monoatomic[59,

60], binary[61, 62], and multinary[63, 64] compounds. The root mean squared errors for

force and energy are 0.04 eV/Å and 0.8 meV/atom, respectively. Plots comparing the true

(DFT) and MLIP-predicted forces and energies are provided in Figure 7.3 (A,B) and the

histograms depicting the error distributions for forces and energies are included in Figure

7.3(C,D).

However, validating the reliability of the generated potentials requires assessing various

physical properties. This helps establish the accuracy of the force fields in enabling atom-

istic simulations. To achieve this, we compute formation energy, lattice constants, elastic

parameters, and stacking fault energies using the machine-learned force fields at T = 0 K.

Figure 7.3: Original (DFT) vs MTP interatomic potential predicted (A) energy and (B)
forces. Histogram of error between DFT calculated and ML predicted (C) energy and
(D)forces.

Formation energy (∆HF ) represents the energy required to form a compound from its con-

stituent elements. It is determined using the total energy of the system containing Ntot

atoms (Etot) and the total energy of its individual elemental components (Etot(x)):

∆HF =
Etot −∑x Etot(x)

Ntot
(7.3.1)

For force field calculations, separate models are constructed for the elemental components,

considering the FCC phase for Al, HCP for Ti, and graphite for C. The formation energy
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computed using DFT and the present force field differs by 0.03–0.05 eV/atom. The corre-

sponding lattice parameters, obtained by optimizing the cell parameters with the force field,

closely match experimental values, with an almost exact match for the a lattice parameter

and a maximum deviation of 1% for the c lattice parameter.

The generalized Hooke’s relation, expressed in Voigt notation, is given by σi = Ci jε j, where

ε and σ represent the strain and stress vectors, each with six elements, and Ci j are 6 × 6

matrices. The elastic constants are determined using the explicit deformation method[65],

which involves applying deformations in various directions within the elastic limit. By

setting all strain tensor elements to zero except for one, all Ci j elements can be computed,

acting as proportionality factors between the stress component σi and the strain component

ε j. The elastic constants derived from the force field satisfy the mechanical stability criteria

for the hexagonal system, C44 > 0, C11 > |C12|, (C12 +2C12)C33 > 2C2
13. Additionally,

mechanical parameters such as Young’s modulus (Y), bulk modulus (B), shear modulus

(G), and Poisson’s ratio (η) are calculated using the Voigt–Reuss–Hill approximation[66]

and validated against literature values. Table 7.3 tabulates the comparison. The force field

values exhibit deviations of only a few percent from literature values, which is particularly

encouraging, as none of these properties were included in the fitting procedure.

Table 7.3: Calculated values of formation energy (∆HF ), lattice constants (a, c), elastic
constants (C11, C12, C44), Young’s (Y), bulk (B), shear modulus (G), Poisson’s ratio (η),
computed using the MTP force field. The literature values are shown for comparison.

Material property Calculated Value Literature
∆HF (eV/atom) -0.78 (-0.83) - (-0.81)[32, 67]

a(Å) 3.06 3.06-3.07[68, 69]
c(Å) 13.61 13.62-13.74[12, 68, 69]

C11(GPa) 310 297 -309[70–73]
C12(GPa) 70.5 56.9 - 72[70–73]
C44(GPa) 96.3 105 - 112[70–73]
Y(GPa) 240.2 217.2 - 293.3[70–73]
B(GPa) 163.8 136 - 186[70–73]
G(GPa) 95.7 110.6-118.8[72]

η 0.24 0.185-0.19[72]

Since the objective is to use the machine-learned force field to study deformation properties,

the stacking fault properties of Ti2AlC are further examined. Given its layered structure,

a slip in the basal plane that disrupts the stacking order coincides with the formation of

a stacking fault. During slip along the [01̄10] direction, the system transitions through a

high-symmetry configuration where atoms in the upper block align with the ’voids’ of the

lower block. This process gives rise to the generalized stacking fault energy (GSFE) curve,

which exhibits a local minimum known as the stable stacking fault energy (SSFE)[74].
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The energy barrier preceding this minimum is referred to as the unstable stacking fault

energy (USFE)[75]. Two possible slip planes exist: one at the Ti-Al interface and another at

the Ti-C interface, as illustrated in Figure 7.4(A). Previous studies on V2AlC[76] indicate

that M-Al slip is energetically favorable than M-X slip. Based on this, the GSFE curve

is computed from both DFT simulations and machine-learned force fields, defining the

total energy difference between fault-free and faulted systems per unit area of the glide

plane. A supercell of size 20 × 10 × 5, resulting in a simulation box of 61.2 Å × 53.3

Figure 7.4: (A) The possible slip planes in Ti2AlC include Ti-Al and Ti-C. (B) The top view
of the structure is shown in the [01̄10]-[2̄110] plane, with the hexagonal unit cell outlined
in black. (C) The generalized stacking fault energy (GSFE) for slip along the [01̄10] direc-
tion is computed using both DFT and the machine-learned force field. Displacements are
expressed in units of lattice spacing.

Å × 68.5 Å and containing 16,000 atoms, is used to calculate the GSFE from the ML

potential. Due to computational constraints, a smaller supercell of size 2 × 2 × 2 is used

for DFT calculations. This analysis is performed systematically for displacements along

a fine displacement grid of 20 points in the [01̄10] direction along the Γ line in the basal

planes (0001) (cf Figure 7.4(B)). This provides a cut in the stacking fault energy surface,

known as the Γ surface, as defined by Vitek[74]. The GSFE curves, computed from both

the ML force field and DFT, are shown in Figure 7.4(C). Specifically, the SSFE and USFE

values calculated using DFT (ML force field) are 0.656 J/m2 (0.631 J/m2) and 0.758 J/m2

(0.712 J/m2), respectively. This indicates that the ML force field successfully captures the

qualitative behavior, although it slightly underestimates the SSFE and USFE. Nonetheless,

the level of agreement is impressive, considering that stacking fault structures were not

explicitly included in the training set.
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7.3.2 Stress–strain behavior: nonlinear elasticity

One of the distinctive features of the mechanical properties of MAX compounds is their

nonlinear elasticity. While both linear and nonlinear elastic materials return to an unloaded

state after deformation, the relationship between stress and strain in the nonlinear case

deviates from the linear behavior described by Hooke’s law. A key characteristic of this

nonlinear response is the presence of hysteresis in the stress–strain curve.

Despite their stiffness, MAX phase compounds exhibit fully reversible, strain rate-independent

hysteretic stress–strain loops under cyclic loading[77]. For instance, cyclic compressive

stress–strain curves for Ti3SiC2 with two different grain sizes reveal grain size-dependent

hysteretic loops[78]. Similar hysteretic behavior has also been observed in Ti3AlC2[79],

Ti3GeC2[80], and the compound under present study, Ti2AlC[81]. This phenomenon was

initially understood in terms of kink band formation originating from basal deformations[82].

However, recent studies[26, 27, 83] have revised this perspective, attributing the observed

nonlinearity to bulk ripplocations, similar to those found in other layered materials undergo-

ing two-dimensional confined deformations[84]. This explanation is supported by evidence

of c-axis strain at multiple length scales, including TEM images[85], and the significant in-

fluence of confining pressure on the compressive strength of both polycrystals and single

crystals[86–88]. Although experimental observations strongly suggest that ripplocations

act as a micro-mechanism of deformation, direct atomic-scale simulation evidence for this

process in MAX compounds has remained elusive, primarily due to the lack of suitable

computational approaches.

With the confidence gained in our ML-constructed force field, based on the computed struc-

tural, energetic, and mechanical properties, we now explore the stress–strain properties of

Ti2AlC under cyclic loading and unloading. To atomistically simulate the stress–strain be-

havior, a 20 × 10 × 5 supercell undergoes incremental uniaxial compressive strain along

the [01̄10] direction of the basal plane at a strain rate of 109 s−1. The maximum stress is

ensured to stay below the yield point, after which tensile uniaxial strain is applied to return

the structure close to its original state. At the beginning of loading, the same supercell is

equilibrated using the Nosé–Hoover barostat and thermostat. Periodic boundary conditions

are applied in the basal plane, while out-of-plane directions are treated as free surfaces.

During each step of deformation at a fixed strain rate, the NPT method monitors temper-

ature fluctuations and adjusts the box size along the perpendicular directions to achieve

negligible tensile stress. The simulation temperature is set at 100 K. The corresponding

stress–strain response, shown in Figure 7.5(A), depicts different loading conditions with

varying maximum stress values. The yield stress, computed using the MLIP potential, is

marked with a dotted horizontal line. In all cases, nonlinear elastic behavior is evident
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Figure 7.5: Molecular dynamics (MD) simulation results using the moment tensor potential
(MTP) for the stress–strain behavior of Ti2AlC under uniaxial strain during cyclic loading
and unloading at different maximum stress values. To facilitate visualization, the plots for
different maximum stress values are shifted horizontally relative to each other. Plots are
shown for the (A) 20 × 20 × 5 simulation cell and (B) 15 × 15 × 5 simulation cell. The
dotted horizontal line represents the yield point. (C) Atomic structures of bulk ripplocations
formed during the MD simulation of Ti2AlC under uniaxial compression. Zoomed-in views
are provided for enhanced visualization of the ripplocations.

through the presence of a hysteresis loop. However, the width of the hysteresis loop de-

pends on the maximum stress value. When the maximum stress approaches the yield point,

the hysteresis loop develops a bulge, which gradually disappears as the maximum strain

moves further from the yield point. The qualitative nature of the hysteresis loop aligns well

with experimental data[77, 79, 89, 90]. To verify system size dependency, we repeat the

calculations on a 15 × 15 × 5 simulation cell (45.9 Å × 79.9 Å × 68.5 Å) containing

18,000 atoms. The qualitative trend remains intact, as shown in Figure 7.5(B).

As mentioned earlier, the origin of nonlinear elastic behavior has been a topic of ongo-

ing discussion, with evolving interpretations over time. Initially, it was attributed to the

formation and annihilation of incipient kink bands, which arise due to the attraction be-

tween oppositely signed basal dislocation walls[6, 82, 91, 92]. Later, following the work

of Kushima et al.[25], which introduced the concept of ripplocations in describing near-

surface defects in van der Waals compounds like MoS2, Barsoum and Tucker[27] argued

that ripplocations are not confined to van der Waals solids or surface defects but also exist

in layered solids such as MAX compounds. Our atomistic simulations of Ti2AlC under

uniaxial compression provide direct support for this idea. Figure 7.5(C), shown for 20%
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Figure 7.6: The stress–strain behavior of pristine Ti2AlC(red lines) is compared with that
of Ti2AlC containing 40% Al vacancies(black lines). To enhance visualization, the plots are
horizontally shifted. Horizontal lines indicate the respective yield stresses.

strain, reveals the nucleation of discrete localized ripplocations, which results from energy

reduction associated with buckling.

7.3.3 Effect of defects

MAX phases exhibit a remarkable ability to accommodate structural vacancies[93–95]. In

these materials, the formation energy of M-site vacancies (5–8 eV) is significantly higher

than that of A- and X-site vacancies (approximately 2 eV)[96–98]. As a result, vacancies

predominantly form at the A and X sites. Motivated by this, we examine the effect of Al va-

cancies on nonlinear elasticity. DFT calculations indicate that Ti2AlC can accommodate up

to 50% Al vacancies[99]. The compositional analysis of Ti3Al1−X C2 further reveals local

Al vacancy concentrations of up to 50%[100], consistent with DFT predictions. Based on

this, we consider a defected structure with 40% Al vacancies to investigate their impact. It

is important to clarify that the vacancies considered in our model are not thermally activated

but rather formed during the synthesis protocol. This explains the constant percentage of

vacancies maintained throughout our MD simulations. Previous studies on MoS2[101] and

graphite[102] have investigated the interaction between extended defects, such as ripploca-
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tions, and point defects like vacancies. These studies concluded that vacancies tend to form

near ripplocations, and ripplocations spontaneously migrate toward vacancies. However,

the effect of this interaction on nonlinear elasticity has not been explored. Specifically,

how vacancies influence the shape and width of hysteresis in stress–strain curves remains

an open question. Given that vacancies form near ripplocations, in addition to being ran-

domly distributed throughout the system, we also consider extended defect lines—one on

each side of the ripplocation—to examine their impact. The results, presented in Figure

7.6, compare the stress–strain curves under cyclic loading for a 40% Al vacancy-bearing

system and a vacancy-free system. First, the vacancy-bearing system exhibits an increase

in yield strength. Second, for the same maximum stress-to-yield stress ratio, the hystere-

sis loop in the vacancy-bearing system shows more pronounced bulging compared to the

pristine system, leading to a significant increase in hysteresis width. To understand the

Figure 7.7: Interatomic distances within the atomic chains in an Al layer are viewed along
the [2̄110] direction for both (A) vacancy-free and (B) vacancy-bearing systems. d0 (d2)
represents the separation between two consecutive lines of Al atoms to the left (right) of the
line of Al atoms or vacancies, denoted as V. The evolution of d0 (red lines) and d2 (black
lines) during compression is shown for the (C) vacancy-free and (D) vacancy-bearing struc-
tures. The insets illustrate the atomic configurations of the Al layer at points I, II, and III
during the simulation steps.

differences in stress–strain properties between vacancy-free and vacancy-bearing systems,

we examine the atomic configurations at a specific Al layer where the line defect (vacancy)

is introduced. We track the evolution of two interatomic separations, d0 and d2, between

consecutive lines of Al atoms on each side of the defect, particularly near the formation

of ripplocations, as a function of simulation steps during loading. The same analysis is

conducted for the vacancy-free system, focusing on the corresponding Al atom line (see
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Figures 7.7(A) and 7.7(B)).

Both d0 and d2 exhibit sudden jumps upon ripplocation nucleation. However, while these

jumps are similar for the vacancy-free system due to the symmetric nature of the ripplo-

cation (as seen in the Figure 7.7(C) inset), the vacancy-bearing system displays a highly

asymmetric response(as seen in the Figure 7.7(D). The evolution of d2 remains compara-

ble to the vacancy-free case, whereas d0 shows distinct behavior, featuring a well-defined

plateau after the initial jump, leading to strong anisotropy between them. As a result, the

ripplocation bends asymmetrically toward the vacancy, forming a pleat-like morphology.

Such a pleat-like structure is believed to facilitate self-folding of ripplocations[25], further

amplifying the nonlinearity in the system.

7.4 Summary and Discussion

Using the MTP protocol of the ML algorithm, we generate the force field for the multi-

component layered MAX compound, Ti2AlC, which has recently gained attention among

materials scientists. We employ a passive learning scheme, as previously implemented

in the literature for layered materials[103, 104], while an active learning scheme remains

an alternative avenue. The versatility of the developed machine-learned force field is estab-

lished through a faithful description of energetics via formation energy, structural properties

via lattice parameters, and elastic properties, including dislocation behavior. Having estab-

lished confidence in the MTP, we apply the force field in the MD study to investigate the

stress–strain properties of Ti2AlC. The calculated stress–strain curve under uniaxial strain

applied in the basal plane shows strong nonlinearity with hysteresis, in marked deviation

from Hooke’s law. Interestingly, the width of the hysteresis strongly depends on the value of

maximum applied stress, defining a critical stress for nonlinear behavior. The microscopic

origin of this nonlinear deformation behavior is driven by the formation of bulk atomic-

scale ripples, known as ripplocations. The elastic energy stored in ripplocation boundaries

and surrounding areas accounts for the loops in the stress–strain curve[105]. Our simula-

tions, incorporating Al vacancies demonstrates that vacancies further enhance nonlinear-

ity, thereby increasing the critical stress. As shown in our study, Al vacancies influence

the elastic properties in multiple ways, increasing the yield stress as well as widening the

stress–strain loop. Our findings can contribute to the defect engineering of MAX com-

pounds to achieve controlled nonlinearity, with potential applications in aerospace, rubber

industries, and biomechanics.
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8
Summary and Outlook

8.1 Summary

In this thesis, we have leveraged various techniques of machine learning(ML) in investi-

gating systems like semiconductor heterostructures, binary nanoalloys, gold atomic chains

and layered crystalline MAX compounds, particularly, Ti2AlC. We have suggested an ML-

based high-throughput approach, that can substitute computationally extensive calculations,

in classifying semiconductor heterostructures based on features of the individual semicon-

ductors. In another case, we have identified the key factors and their relative importance

in guiding the core-shell segregation trends in nanoscale binary alloys using an ML tech-

nique on a large database of alkali, alkaline, basic, 3d, 4d, and 5d transition metals, and

p-block metals. We have also found conditions under which other morphologies,like Janus

or mixed, are rather stabilized. The effect of concentration and size have been investigated

using first-principles calculations on Pd-X(X= 3d,4d,5d) clusters. Additionally, we have

also investigated their catalytic activity. In the next projrct, based on experimental data

on formation of one-dimensional atomic gold chains, we have identified optimal values of

external stimuli like breaking speed and bias voltage that support long chain formation us-

ing a supervised learning technique. Further, an unsupervised algorithm has been used on

experimental trace features to recognize electrode configurations that might lead to such

long chain formation. We have finally employed an ab-initio molecular dynamics simula-

tion to reinforce our understanding. In another work, we have created a machine-learned

force field based on ab-initio data for MAX compound Ti2AlC,since the length and time

scale for investigating their non-linear elastic behavior are inaccessible by first-principle

calculations and classical potentials are scarce for the same. This has been employed to

reconstruct the experimentally observed elastic behavior of Ti2AlC and understand the un-
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derlying micro-mechanism. Further, the effect of Al vacancies on the elastic property has

also been investigated.

In the following, a summary of the key findings of our study and potential avenues for

future research are highlighted.

8.1.1 Chapter 3: Machine learning classification of binary semicon-
ductor heterostructures

In this chapter, we have tackled the problem of predicting semiconductor heterostructure

types as dictated by the sign of band-edge discontinuities between the two constituent semi-

conductors. A combination of bandstructure information and machine learning has been

used. The main findings are:

• Heterostructure types(Type-I/Type-II) can be predicted using bandstructure informa-

tion of constituent semiconductors. The branch point energy can be used as zero

energy to align the two semiconductors.

• The valence band offset and conduction band offset predicted using bandstructure

information correlates well with experimental values.

• Combination of all elemental and binary semiconductors lead to 903 different het-

erostructures, out of which types have been obtained from experiments or detailed

calculations for 31 instances. The bandstructure approach have exhibited perfect

consensus with these. For the remaining cases, it has predicted ≈ 40% as Type-I and

rest as Type-II.

• A machine learning model based on instances with labeled heterostructure types and

features based on elemental properties of the component semiconductors can clas-

sify heterostructure types. After subsequent feature engineering and class imbalance

handling, the model have showm 89% matching with the bandstructure predictions.

• We have found that within a specific combination of semiconductors, heterostruc-

ture type can depend on the crystal structures of the semiconductors. This has been

validated using first-principles calculations for the heterostructures between cubic-

AlP/ZnO and cubic-GaP/GaN, between hexa-AlP/ZnO and hexa-GaP/GaN, and be-

tween cubic-AlP/ZnO and hexa-GaP/GaN.

• The established method can be extended to nanoscale heterostructures, i.e, by joining

two quantum dots(QDOTs). The band alignment approach, corrected using the Brus

equation[1], can reproduce experimental VBO and CBO trend between ZnSe QDOT
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and CdS QDOT. By including nano-heterostructures as instances and quantum con-

finement correction terms as features, the classifier model could rightly classify 82%

of the original learning dataset.

The approach investigated in this study can thus act as a robust computational approach for

rapid materials selection in heterostructure design.

8.1.2 Chapter 4: Understanding the Trend in Core-Shell Preferences
for Bimetallic Nanoclusters: A Machine Learning Approach

In this chapter, we have taken up the problem of finding the details of the driving factors be-

hind core-shell segregation of elements in binary metal alloys. Core-shell morphology of a

binary nanoalloy has been reported to be controlled by factors like cohesive energy, surface

energy, atomic radii, and electronegativity of the components. It is crucial to understand

the interplay of these factors and figure out their relative importance, and their dependence

on the metal types. Our main findings are:

• Using a machine learning scheme to address these questions, we have found four

key driving factors: cohesive energy difference, atomic radius difference, magnetic

nature of the elements, and coordination number difference of the elements in their

bulk phase. The relative importance of these factors depend on the metal types in the

nanoalloy.

• For combination of alkali/ alkaline elements, atomic radius and coordination number

are found to be more important. Similar trends are shown in TM/TM combinations.

For combinations of alkali/alkaline and TM elements, magnetism and atomic radius

become critical factors.

• When no specific core-shell segregation trend can be established, Janus and mixed

morphologies might stabilize. We have found that when the cohesive energy differ-

ence between the constituent elements is either very small or very large, the system

favors mixed and Janus structures, respectively, over the core–shell configuration.

Our comprehensive, machine-learning-driven computational study offers valuable insights

to guide the design of bimetallic nanoalloys with tailored mixing patterns.
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8.1.3 Chapter 5: First principles insights into the relative stability,
electronic and catalytic properties of core-shell, Janus and mixed
structural patterns for bimetallic Pd-X nanoalloys (X = Co, Ni,
Cu, Rh, Ag, Ir, Pt, Au)

In this chapter, in extension to work done on chapter 4, we have looked at the effect of

varying the composition and cluster size on stability of nanoclusters, and how it correlate to

different microscopic properties of the system. The study has been done based on Pd-based

binary nanoalloys for their prospects in electro-catalysis. The main findings are :

• The relative stability among the structural patterns of Pd-X nanoalloys at the two

composition limits(Pd-poor/Pd-rich) are found to rely on the identity of X.

• Most stable structures are with least surface energies in either composition.

• The difference in atomic radii and cohesive energies of the constituent elements is

found to correlate with stability as elucidated in Chapter 4.

• ICOHP calculations reveal that higher stability is mostly associated with an enhanced

covalency.

• We have found that the three structural patterns can be distinguished in terms of their

(total)orbital hybridization index. Within each composition, this value follows the

order Janus> mixed>core-shell in most cases.

• To probe the catalytic activity of Pd-X nanoalloys, we have employed the d-band

model[2] that proposes the position of d-band center(with respect to Fermi energy)

as a descriptor of binding capacity to an absorbate. According to this model, the trend

in binding of the absorbate on the surface of the catalyst is an effective indicator about

the rate of the catalytic activity for the catalytic surface. Our findings have suggested

that bimetallic Pd–Ni nanoalloys represent the most promising combination for de-

veloping stable and catalytically active non-Pt nanoalloys.

• We have also explored the effect of the cluster size on the studied properties. The

previously done analysis have been repeated on a 55-atom sized icosahedral geom-

etry for the bimetallic Pd–Ni nano-alloy. The trends in stability, hybridization index

and catalytic activity are seen to follow the 147-atoms cluster results without any

significant deviation.
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8.1.4 Chapter 6: Machine-learning prediction of the formation of atomic
gold wires by mechanically controlled break junctions

In this chapter, we have attempted to develop a microscopic understanding of the formation

of atomic chains of gold of reasonable length. Particularly, we have investigated the cu-

mulative effect of external stimuli(bias voltage and stretching rate) using experimental data

and rationalize the optimal settings in terms of an atomistic picture. The chief findings are:

• The cumulative effect of these external stimuli has been explored under the ambit of

machine learning. Our supervised learning technique has indicated that the optimal

conditions for forming longer atomic chains are in the regime of low bias voltage and

low stretching rate.

• The experimental traces have been clustered according to their inherent features

around 1G0 to detect electrode configurations leading to such long chains. Three dis-

tinct types of traces could be segregated using an unsupervised learning scheme. The

traces that correspond to long chains majorly belong to a particular type. Ab-initio

molecular dynamics simulations have reaffirmed that the initial junction structure of

this type is characterized by a double contact-like structure.

Thus, our understanding of the combined effects of bias and breaking speed in chain for-

mation using an MCBJ setup offers useful insights in designing future experiments.

8.1.5 Chapter 7: Ab-initio trained machine learning potential for MAX
compound Ti2AlC: construction, validation, and study of non
linear elasticity

In this chapter, we have developed a machine learning interatomic potential tarined on

ab-initio data for MAX compound Ti2AlC to explore its mechanical properties, specifi-

cally the non-linear elastic behavior. Layered MAX compounds show non-linear elastic

behavior atypical for elastically stiff materials. This is manifested as hysteretic stress-

strain response during loading and unloading of a sample. The micromechanism has long

been understood in terms of basal dislocations[3, 4]. However,recently, the phenomenon

of ripplocations[5, 6], has been utilized to explain the same and validated through exper-

iments. First principle theoretical explorations are restricted by the length and time scale

of the phenomenon, whereas an apt potential is scarce for classical molecular dynamics

simulations. We have developed a machine learned interatomic potential based on first-

principles data of force,energy and stress of various configurations of MAX phase Ti2AlC.

The chief outcomes are :
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• The constructed potential has been validated against key material properties, includ-

ing lattice constants, formation energy, elastic constants, and stacking fault energies.

When applied in classical molecular dynamics simulations, the machine-learned po-

tential have reliably reproduced the experimentally observed nonlinear elasticity of

Ti2AlC.

• We have found that common defects, such as Al vacancies, have a significant impact

on the hysteresis behavior observed in the stress–strain curves, effectively increasing

its width. This behavior has been rationalized by examining the atomic arrangements

in a layer with Al vacancies vis-à-vis a defect-free system.

8.2 Outlook

1. In chapter 3, we have established a workflow to predict the type of heterostructure

made by joining two dissimilar semiconductors. This presents several directions for

future research.

In our study, we have considered only combinations of elemental and binary semi-

conductors. It can further be expanded to include multicomponent semiconductors.

The current study does not provide a prediction regarding whether a heterostructure’s

band gap is direct or indirect. To date, machine learning predictions for direct/indirect

band gap classification have primarily focused on individual semiconductors. Ex-

panding this approach to semiconductor pairs in heterostructures remains an open

area for future exploration.

2. In chapter 4, we have explored the factors and their relative importance in influencing

the core-shell segregation binary nanoclusters, or forming other morphologies like

Janus and mixed. Building on this, there are several routes to future research.

While core-shell, Janus or mixed are the more ubiquitous of the morphologies, certain

other arrangements like the multi-shell, ball-and-cup or quasi-Janus structures are

sometimes formed. Out study can be extended to accommodate these possibilities.

The current study is based on T=0 K results. Understanding the effect of finite tem-

perature on stability of nanoclusters using an ML analysis can help in determining

their utility in high temperature environment, for example, in catalytic research.

3. In chapter 5, we have observed the effect of composition and size on stability of

bimetallic nanoclusters Pd-X(X=3d/4d/5d transition metals) and concurrent trends in

relevant microscopic properties. We have also examined the trend in their relative
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catalytic activity. There are several avenues towards further research in this context.

The catalytic activities of bimetallic nanoclusters with doped hetero-atoms have shown

promising results, and can be explored in the context of our work.

While the catalytic activity has been probed using a d-band model in our work, it

might also be investigated using ML techniques. Catalytic nature can be encapsulated

based on electronic and steric features.

4. In chapter 6, using ML analysis on experimental data, we have explored the forma-

tion of one-dimensional gold atomic chains which currently has immense research

interest. Building on our work, there are several directions for further exploration.

In our work, the experiments has been conducted at 77K. It would be interesting to

monitor the effect of temperature on optimal conditions for long chain formation.

To explore the effect of the element’s identity in forming the chain, a similar analysis

of traces over different d-block elements can be conceptualized.

Single-molecule junctions have recently piqued interest for their possible applications

in molecular electronics. Formation of such junctions for different molecules can be

explored using a similar workflow as undertaken in this study.

5. In chapter 7, we have prepared a machine learned force field for MAX compound

Mn+1AXn with n=1 and M=Ti, A=Al, X=C. Based on this work, there are several

avenues for further exploration.

Our work has considered the n=1. It can be expanded for n=2,3 case. The current

potential can be also be augmented to describe MAX compounds with combinations

of other M,A and X atoms.

Nanoindentation experiments showing delamination cracks on basal plane loading,

are important markers of ripplocations, the mechanism explored in this study. An

atomistic simulation of nanoindentation using our force field would further confirm

the reliability of our model.

6. Since the machine learning models in this thesis, and in fact, in most of the cur-

rent materials science literature are developed independently, they are isolated across

data modalities, material domains, and application-specific tasks. A class of AI

models, called the foundation models (FMs), can be beneficial in this regard. FMs

have recently shown exceptional success in tackling complex tasks across domains

such as natural language processing and computer vision. These models are typi-

cally large and trained on diverse, large-scale datasets using self-supervised learning,
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rather than being tailored to a single task. Once pre-trained, they can generalize and

adapt to a wide range of downstream applications with minimal or no additional fine-

tuning. Materials’ property prediction is a crucial area to which foundation models

can bring value by providing transferrable core components. Most of the founda-

tion models currently available for this purpose are based on BERT[7, 8] or GPT

architectures[9, 10]. Alternatively, some recent classes of machine learning-based

potentials can also be considered as foundation models. These models are primarily

designed to predict system energies and forces, having been pre-trained on extensive,

high-quality reference data, typically derived from density functional theory (DFT)

calculations. While the former attempt to directly predict specific properties, their

effectiveness can be limited by the under representation of rare events. In contrast,

machine-learned interatomic potentials (MLIPs) approximate the underlying poten-

tial energy surface, allowing conventional simulation techniques to be applied with

significantly reduced computational cost. Some pre-trained model already available

includes MACE[11], MEGNET[12], AIMNET[13] etc.

7. As modern datasets continue to grow in size, the time complexities of classical al-

gorithms may become prohibitively high for practical use. In this context, quantum

computing presents a promising avenue for enhancing the efficiency of these meth-

ods, potentially enabling them to scale much more effectively. Several quantum al-

gorithms targeting linear algebra, sampling, and optimization problems theoretically

promise exponential speed-ups over their classical counterparts. However, the prac-

tical deployment of current quantum machine learning (QML) techniques still faces

significant hurdles—chief among them being the need for fast memory access and

the use of highly specific data structures. Moreover, the adaptation of QML often

involves a process of encoding classical data into quantum states, and the compu-

tational cost associated with this step plays a crucial role in determining whether

quantum speed-ups in machine learning for classical data are achievable.

Despite the nascent form of QML, latest research have shown that certain prob-

lems under the purview of machine learning can now be dealt with quantum algo-

rithms,atleast in principle. Linear system of equations can solved using the quantum

linear system algorithm (QLSA) for matrix inversion,with lesser time-complexity

than classical techniques. Singular value estimation is another fundamental tool

widely used in computation. Quantum singular value estimation (QSVE) offers a

logarithmic time scaling as opposed to classical complexity of O(MN2) for a M ×N

matrix (M>N). Recently, implementing quantum algorithms in hastening sampling

techniques like Markov chain Monte Carlo (MCMC) have garnered much interest.
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Algorithms have also been suggested for optimization, for eg,in certain kinds of con-

vex hull problems. Another major diagonal of study in this domain is the quantum

application of artificial neural network. The primary research directions have cen-

tered on enhancing the training speed of classical models and creating networks in

which every component—from individual neurons to training algorithms—is imple-

mented on a quantum computer.

It should be noted that the quantum techniques presently face several caveats and

are quite restricted in their practical utilization. However, if application of quantum

algorithm to the problems addressed in this thesis can be made possible, it would act

as a proof of concept to the complexity question.
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Appendix A

List of bimetallic nanoclusters taken from literature.

System Reference
Cu-Pt Zhou S. et.al. Pt–Cu Core–Shell and Alloy Nanoparticles for Het-

erogeneous NOx Reduction: Anomalous Stability and Reactivity

of a Core–Shell Nanostructure. Angew. Chem. Int. Ed. 2005, 44,

4539–4543.

Pd-Ag Mulvaney P. Surface Plasmon Spectroscopy of Nanosized Metal

Particles. Langmuir 1996, 12, 788–800.

Pd-Au Liu H. B.; Pal U.; Medina A.; Maldonado C.; Ascencio J. A.

Structural incoherency and structure reversal in bimetallic Au-Pd

nanoclusters. Phys. Rev. B 2005, 71, 074503.

Ag-Pt Doudna C. M. et.al. Radiolytic Synthesis of Bimetallic Ag-Pt

Nanoparticles with a High Aspect Ratio. J. Phys. Chem. B 2003,

107, 2966–2970.

Pt-Au Henglein A. Preparation and Optical Absorption Spectra of Au-

core Pt-shell and Pt-core Au-shell Colloidal Nanoparticles in

Aqueous Solution. J. Phys. Chem. B 2000, 104, 2201–2203.

Fe-Co Zubris M.; King R.B.; Garmestani H.; Tannenbaum R. FeCo

nanoalloy formation by decomposition of their carbonyl precur-

sors. J. Mater. Chem. 2005, 15, 1277–1285.

Fe-Ni Sahoo S.; Rollmann G.; Entel P. Segregation and ordering in bi-

nary transition metal clusters. Phase Transitions 2006, 79(9–10),

693–700.

Co-Ni Brayner R. et.al. Algal polysaccharide capsule-templated growth

of magnetic nanoparticles. New J. Chem. 2005, 29, 681–685.

Co-Cu Lu Q.L.; Zhu L.Z.; Ma L.; Wang G.H. Magnetic properties of

Co/Cu and Co/Pt bimetallic clusters. Chem. Phys. Lett. 2005,

407, 176–179.

Fe-Ag Andrews M.P.; O’Brien S.C. Gas-Phase “Molecular Alloys” of

Bulk Immiscible Elements: FexAgy. J. Phys. Chem. 1992, 96,

8233–8241.
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Co-Pd Carlsson A. F.; Bäumer M.; Risse T.; Freund H.J. Surface struc-

ture of Co–Pd bimetallic particles supported on thin films studied

using infrared reflection absorption spectroscopy of CO. J. Chem.

Phys. 2003, 119, 10885.

Co-Ag Ferrando R. et.al. Quantum effects on the structure of pure and

binary metallic nanoclusters. Phys. Rev. B 2005, 72, 085449.
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Appendix B

List of calculated segregation energies.

Pair name System of calculation Segregation energy (eV)
Li-Be Be54Li/Li54Be -3.39 / 0.33

Li-Mg Li54Mg/LiMg54 0.14 / -0.34

Li-Al Li54Al/LiAl54 0.64 / 0.99

Li-Si Li54Si/LiSi54 0.26 / -1.41

Li-K Li54K/LiK54 -1.67 / 0.22

Li-Ca Ca54Li/Li54Ca -0.01 / 0.003

Li-Sc Li54Sc/LiSc54 0.3 / -0.19

Li-Ti Li54Ti/LiTi54 0.49 / 0.11

Li-V Li54V/LiV54 -0.81 / -2.12

Li-Cr Li54Cr/LiCr54 0.35 / -2.84

Li-Mn Li54Mn/LiMn54 2.09 / -2.88

Li-Fe Li54Fe/LiFe54 0.19 / -1.79

Li-Co Li54Co/LiCo54 0.42 / -1.1

Li-Ni Li54Ni/LiNi54 0.1 / -1.67

Li-Cu Li54Cu/LiCu54 -0.05 / -0.59

Li-Zn Li54Zn/LiZn54 0.22 / 0.32

Li-Ge Ge54Li/Li54Ge -0.95 / 0.28

Li-Rb Rb54Li/Li54Rb 0.26 / -2.25

Li-Sr Sr54Li/Li54Sr -0.04 / -0.94

Li-Y Y54Li/YLi54 -0.04 / 0.02

Li-Zr Zr54Li/ZrLi54 0.91 / 0.62

Li-Nb Nb54Li/NbLi54 -0.6 / 1.59

Li-Mo Mo54Li/MoLi54 -0.37 / 1.6

Li-Tc Tc54Li/TcLi54 -1.36 / 0.75

Li-Ru Ru54Li/RuLi54 0.11 / 0.87

Li-Rh Rh54Li/Li54Rh -0.97 / 0.55

Li-Pd Pd54Li/Li54Pd 0.22 / 0.16

Li-Ag Ag54Li/Li54Ag 0.31 / 0.07

Li-Cd Cd54Li/Li54Cd 0.55 / 0.24

Li-In In54Li/Li54In 1.07 / 0.21

Li-Sn Sn54Li/Li54Sn -0.13 / 0.42
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Pair name System of calculation Segregation energy (eV)
Li-Sb Sb54Li/Li54Sb -0.20 / 0.04

Li-Hf Hf54Li/Li54Hf -1.80 / 0.93

Li-Ta Ta54Li/Li54Ta -1.82 / 0.89

Li-W W54Li/Li54W -1.59 / 0.78

Li-Re Re54Li/Li54Re -2.05 / 1.26

Li-Os Os54Li/Li54Os 0.55 / 0.64

Li-Ir Ir54Li/Li54Ir 0.29 / 0.61

Li-Pt Pt54Li/Li54Pt 0.54 / 0.67

Li-Au Au54Li/Li54Au 0.59 / 0.24

Li-Pb Pb54Li/Li54Pb 0.82 / 0.37

Be-Na Na54Be/Be54Na 9.20 / 0.2

Be-Mg Mg54Be/Be54Mg -1.31 / 0.36

Be-Al Al54Be/Be54Al -2.41 / 0.04

Be-Si Si54Be/Be54Si -1.58 / 0.33

Be-Ca Ca54Be/Be54Ca -1.27 / 0.06

Be-Sc Sc54Be/Be54Sc -3.87 / 0.71

Be-Ti Ti54Be/Be54Ti -1.40 / 0.09

Be-V V54Be/Be54V 1.74 / 0.29

Be-Cr Cr54Be/Be54Cr 2.13 / -0.06

Be-Mn Mn54Be/Be54Mn 2.24 / -0.24

Be-Fe Fe54Be/Be54Fe 2.07 / -0.94

Be-Co Co54Be/Be54Co 2.40 / -1.58

Be-Ni Ni54Be/Be54Ni -2.89 / 0.38

Be-Cu Cu54Be/Be54Cu -0.18 / 0.85

Be-Zn Zn54Be/Be54Zn -0.97 / 0.55

Be-Ge Ge54Be/Be54Ge 0.22 / -0.03

Be-Ga Ga54Be/Be54Ga -1.52 / 0.74

Be-As As54Be/Be54As -0.18 / 0.34

Be-Zr Zr54Be/Be54Zr -0.91 / 0.62

Be-Nb Nb54Be/Be54Nb -0.43 / 1.32

Be-Mo Mo54Be/Be54Mo 1.68 / -1.39

Be-Tc Tc54Be/Be54Tc 2.09 / -1.19

Be-Ru Ru54Be/Be54Ru 2.04 / -1.16

Be-Rh Rh54Be/Be54Rh 0.52 / -0.17

Be-Pd Pd54Be/Be54Pd 0.25 / -0.13

Be-Ag Ag54Be/Be54Ag -0.89 / 0.74
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Pair name System of calculation Segregation energy (eV)
Be-Cd Cd54Be/Be54Cd 1.35 / -0.46

Be-In In54Be/Be54In 0.94 / -0.14

Be-Sb Sb54Be/Be54Sb -1.91 / 1.12

Be-Hf Hf54Be/Be54Hf 2.36 / -0.33

Be-Ta Ta54Be/Be54Ta 1.60 / -1.28

Be-W W54Be/Be54W -0.27 / -0.22

Be-Re Re54Be/Be54Re -0.29 / 0.77

Be-Os Os54Be/Be54Os -5.46 / 0.22

Be-Ir Ir54Be/Be54Ir -4.61 / 1.55

Be-Pt Pt54Be/Be54Pt -5.4 / 1.33

Be-Au Be54Au/Au54Be -5.73 / 1.3

Be-Pb Be54Pb/Pb54Be -0.99 / 1.27

Na-Mg Na54Mg/Mg54Na 0.23 / -1.27

Na-Al Na54Al/Al54Na 0.74 / -1.82

Na-Ca Ca54Na/Na54Ca -0.97 / -0.8

Na-Sc Na54Sc/Sc54Na 0.5 / -2.06

Na-Ti Na54Ti/Ti54Na 1.21 / -4.4

Na-V Na54V/V54Na 0.77 / -4.64

Na-Cr Na54Cr/Cr54Na 2.57 / -6.16

Na-Mn Na54Mn/Mn54Na 0.04 / -4.61

Na-Fe Na54Fe/Fe54Na -0.27 / -4.96

Na-Co Na54Co/Co54Na -0.27 / -4.76

Na-Ni Na54Ni/Ni54Na 0.56 / -5.39

Na-Cu Na54Cu/Cu54Na 0.08 / -1.58

Na-Zn Na54Zn/Zn54Na 0.82 / -1.83

Na-Ge Ge54Na/Na54Ge 1.40 / -1.43

Na-Rb Rb54Na/Na54Rb -0.99 / 0.03

Na-Nb Nb54Na/Na54Nb -1.88 / -0.87

Na-Sr Sr54Na/Na54Sr 0.10 / -0.43

Na-Y Y54Na/Na54Y -0.29 / -0.37

Na-Zr Zr54Na/Na54Zr -0.72 / -0.93

Na-Mo Mo54Na/Na54Mo -0.46 / 0.55

Na-Tc Tc54Na/Na54Tc -2.09 / 1.05

Na-Ru Ru54Na/Na54Ru -1.91 / 1.11

Na-Rh Rh54Na/Na54Rh -3.21 / 1.14

Na-Pd Pd54Na/Na54Pd -1.20 / 0.67
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Pair name System of calculation Segregation energy (eV)
Na-Ag Ag54Na/Na54Ag 0.42 / 0.16

Na-Cd Cd54Na/Na54Cd 0.53 / 0.32

Na-In In54Na/Na54In 0.14 / 0.7

Na-Sn Sn54Na/Na54Sn 0.85 / 0.64

Na-Sb Sb54Na/Na54Sb -1.07 / -0.44

Na-Hf Hf54Na/Na54Hf -1.83 / 0.71

Na-Ta Ta54Na/Na54Ta -0.97 / -0.17

Na-W W54Na/Na54W -1.63 / -1.38

Na-Re Re54Na/Na54Re -6.13 / 0.92

Na-Os Os54Na/Na54Os -3.77 / 0.44

Na-Ir Ir54Na/Na54Ir -1.59 / 0.72

Na-Pt Pt54Na/Na54Pt -1.13 / 0.86

Na-Au Au54Na/Na54Au -1.10 / 0.8

Na-Pb Pb54Na/Na54Pb -0.78 / 0.1

Mg-Si Mg54Si/Si54Mg 1.08 / -0.49

Mg-Mg Mg54Mg/Mg54Mg -1.37 / -0.14

Mg-Ca Ca54Mg/Mg54Ca -0.71 / 0.12

Mg-Sc Mg54Sc/Sc54Mg -1.39 / -0.1

Mg-Ti Ti54Mg/Mg54Ti 0.74 / -0.21

Mg-V V54Mg/Mg54V 1.09 / -0.64

Mg-Cr Mg54Cr/Cr54Mg 2.24 / -1.12

Mg-Mn Mg54Mn/Mn54Mg 0.66 / -1.78

Mg-Fe Mg54Fe/Fe54Mg -0.06 / -2.14

Mg-Co Mg54Co/Co54Mg 0.96 / -2.74

Mg-Ni Mg54Ni/Ni54Mg 1.08 / -3.03

Mg-Cu Mg54Cu/Cu54Mg 0.77 / -1.54

Mg-Zn Mg54Zn/Zn54Mg 0.94 / 0.31

Mg-Ge Ge54Mg/Mg54Ge 0.87 / 0.86

Mg-Rb Rb54Mg/Mg54Rb 0.4 / -4.36

Mg-Sr Sr54Mg/Mg54Sr 0.01 / -2.92

Mg-Y Y54Mg/Mg54Y 0.12 / -1.34

Mg-Zr Zr54Mg/ZrMg54 -0.71 / -0.44

Mg-Nb Nb54Mg/NbMg54 -0.32 / 0.24

Mg-Mo Mo54Mg/Mg54Mo -1.30 / 0.86

Mg-Tc Tc54Mg/Mg54Tc -1.64 / 1.03

Mg-Ru Ru54Mg/Mg54Ru -1.41 / 1.13
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Pair name System of calculation Segregation energy (eV)
Mg-Rh Rh54Mg/Mg54Rh -1.81 / 1.24

Mg-Pd Pd54Mg/Mg54Pd 0.20 / 0.77

Mg-Ag Ag54Mg/Mg54Ag 0.44 / 0.98

Mg-Cd Cd54Mg/Mg54Cd 0.20 / 0.71

Mg-In In54Mg/Mg54In 1.15 / 0.44

Mg-Sn Sn54Mg/Mg54Sn 0.4 / 0.24

Mg-Sb Sb54Mg/Mg54Sb 0.54 / 0.06

Mg-Hf Hf54Mg/Mg54Hf 0.78 / 0.07

Mg-Ta Ta54Mg/Mg54Ta -0.27 / -0.08

Mg-W W54Mg/Mg54W -0.99 / -0.16

Mg-Re Re54Mg/Mg54Re -1.38 / 1.36

Mg-Os Os54Mg/Mg54Os -3.17 / 0.42

Mg-Ir Ir54Mg/Mg54Ir -1.81 / 1.26

Mg-Pt Pt54Mg/Mg54Pt -0.13 / 1.16

Mg-Au Au54Mg/Mg54Au -0.91 / 1.36

Mg-Pb Pb54Mg/Mg54Pb -0.30 / 0.49

Al-K Al54K/K54Al -6.46 / -1.45

Al-Ca Ca54Al/Al54Ca 0.26 / -2.39

Al-Sc Al54Sc/Sc54Al 0.42 / 0.24

Al-Ti Al54Ti/Ti54Al 0.7 / 1.39

Al-V Al54V/V54Al 3.17 / -0.91

Al-Cr Al54Cr/Cr54Al -3.77 / 0.93

Al-Mn Al54Mn/Mn54Al -1.07 / -0.91

Al-Co Al54Co/Co54Al 3.0 / -0.36

Al-Ni Al54Ni/Ni54Al -0.97 / -0.4

Al-Cu Al54Cu/Cu54Al 0.3 / 0.55

Al-Ge Ge54Al/Al54Ge -0.3 / -2.19

Al-Rb Rb54Al/Al54Rb -1.91 / 0.8

Al-Sr Sr54Al/Al54Sr -0.72 / -1.33

Al-Y Y54Al/Al54Y 0.72 / -1.33

Al-Zr Zr54Al/Al54Zr 1.25 / 0.55

Al-Nb Nb54Al/Al54Nb -4.56 / 2.62

Al-Mo Mo54Al/Al54Mo 0.64 / 1.51

Al-Tc Tc54Al/Al54Tc -3.87 / 0.75

Al-Ru Ru54Al/Al54Ru -0.94 / 2.67

Al-Rh Rh54Al/Al54Rh -0.09 / 2.6
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Pair name System of calculation Segregation energy (eV)
Al-Pd Pd54Al/Al54Pd -0.09 / 1.72

Al-Ag Ag54Al/Al54Ag 0.5 / 0.94

Al-Cd Cd54Al/Al54Cd 1.37 / 1.08

Al-In In54Al/Al54In 0.91 / 0.2

Al-Sn Sn54Al/Al54Sn -0.04 / 2.3

Al-Sb Sb54Al/Al54Sb -0.91 / -1.92

Al-Hf Hf54Al/Al54Hf 1.91 / 0.6

Al-Ta Ta54Al/Al54Ta 2.07 / 2.08

Al-W W54Al/Al54W 1.49 / 1.78

Al-Re Re54Al/Al54Re -1.0 / 3.12

Al-Os Os54Al/Al54Os -1.06 / 3.86

Al-Ir Ir54Al/Al54Ir -0.14 / 2.91

Al-Pt Pt54Al/Al54Pt 0.97 / 1.83

Al-Au Au54Al/Al54Au 1.28 / 1.07

Al-Pb Pb54Al/Al54Pb 0.45 / -4.69

Si-K K54Si/Si54K -0.84 / -0.16

Si-Ca Ca54Si/Si54Ca 0.41 / 1.4

Si-Sc Si54Sc/Sc54Si 1.02 / 1.22

Si-Ti Si54Ti/Ti54Si 1.21 / 1.57

Si-V Si54V/V54Si 1.23 / -0.21

Si-Cr Si54Cr/Cr54Si -0.79 / 0.52

Si-Mn Si54Mn/Mn54Si -0.17 / -0.04

Si-Fe Si54Fe/Fe54Si -0.82 / 0.17

Si-Co Si54Co/Co54Si -1.17 / 0.4

Si-Ni Si54Ni/Ni54Si -0.71 / -0.23

Si-Cu Si54Cu/Cu54Si -0.79 / -0.35

Si-Zn Si54Zn/Zn54Si -0.95 / 0.25

Si-Ge Ge54Si/Si54Ge 0.3 / -1.07

Si-Rb Rb54Si/Si54Rb 0.03 / -7.41

Si-Sr Sr54Si/Si54Sr -0.33 / 5.21

Si-Y Y54Si/Si54Y 0.9 / 3.92

Si-Zr Zr54Si/Si54Zr 1.11 / 2.77

Si-Nb Nb54Si/Si54Nb 1.19 / 1.92

Si-Mo Mo54Si/Si54Mo -0.28 / 1.77

Si-Tc Tc54Si/Si54Tc -0.37 / -1.75

Si-Ru Ru54Si/Si54Ru -0.98 / 3.25
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Pair name System of calculation Segregation energy (eV)
Si-Rh Rh54Si/Si54Rh -0.29 / -0.79

Si-Pd Pd54Si/Si54Pd -0.92 / -0.79

Si-Ag Ag54Si/Si54Ag -0.15 / 0.2

Si-Cd Cd54Si/Si54Cd -0.91 / -0.84

Si-In In54Si/Si54In -0.07 / -0.03

Si-Sn Sn54Si/Si54Sn 0.1 / 0.84

Si-Sb Sb54Si/Si54Sb 1.4 / -2.11

Si-Hf Hf54Si/Si54Hf -1.48 / 1.74

Si-Ta Ta54Si/Si54Ta -0.89 / 1.31

Si-W W54Si/Si54W -0.89 / 0.73

Si-Re Re54Si/Si54Re -3.17 / -0.94

Si-Os Os54Si/Si54Os -4.06 / 1.45

Si-Ir Ir54Si/Si54Ir -0.4 / -0.65

Si-Pt Pt54Si/Si54Pt -0.37 / -1.88

Si-Au Au54Si/Si54Au -0.07 / -1.48

Si-Pb Pb54Si/Si54Pb -4.23 / -4.92

K-Ca Ca54K/K54Ca -0.1 / 0.91

K-Sc Sc54K/K54Sc -0.41 / -2.96

K-Ti K54Ti/Ti54K 0.42 / 0.66

K-V V54K/K54V -0.6 / 1.14

K-Cr Cr54K/K54Cr -1.46 / -10.53

K-Mn K54Mn/Mn54K -2.22 / -4.32

K-Fe K54Fe/Fe54K 0.2 / -0.87

K-Co K54Co/Co54K 2.62 / -10.17

K-Ni K54Ni/Ni54K 0.0 / -1.8

K-Cu K54Cu/Cu54K -0.21 / -1.12

K-Zn K54Zn/Zn54K 0.17 / -0.53

K-Ge Ge54K/K54Ge 0.5 / -3.25

K-Rb Rb54K/K54Rb 0.24 / 0.2

K-Sr Sr54K/K54Sr 0.0 / 0.06

K-Y Y54K/K54Y -1.91 / 0.78

K-Zr Zr54K/K54Zr -4.73 / 0.99

K-Nb Nb54K/K54Nb -1.44 / 0.86

K-Mo Mo54K/K54Mo -3.05 / 3.33

K-Tc Tc54K/K54Tc -1.18 / -0.71

K-Ru Ru54K/K54Ru -9.98 / -0.45
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Pair name System of calculation Segregation energy (eV)
K-Rh Rh54K/K54Rh -10.48 / 0.08

K-Pd Pd54K/K54Pd -4.59 / 1.12

K-Ag Ag54K/K54Ag -2.52 / 0.14

K-Cd Cd54K/K54Cd -4.25 / -0.04

K-In In54K/K54In -0.37 / -0.94

K-Sn Sn54K/K54Sn -0.91 / 3.04

K-Sb Sb54K/K54Sb -0.82 / -0.23

K-Hf Hf54K/K54Hf -1.3 / 0.5

K-Ta Ta54K/K54Ta -1.47 / 2.54

K-W W54K/K54W -12.72 / 5.22

K-Re Re54K/K54Re -1.02 / -0.33

K-Os Os54K/K54Os -10.56 / 2.93

K-Ir Ir54K/K54Ir -3.5 / 2.23

K-Pt Pt54K/K54Pt -6.41 / 0.44

K-Au Au54K/K54Au -8.37 / 3.24

Ca-Sc Sc54Ca/Ca54Sc 0.55 / -0.65

Ca-Ti Ti54Ca/Ca54Ti -0.39 / 1.15

Ca-V Ca54V/V54Ca -1.31 / -1.57

Ca-Cr Cr54Ca/Ca54Cr 2.15 / -4.68

Ca-Mn Mn54Ca/Ca54Mn -0.47 / -0.98

Ca-Fe Fe54Ca/Ca54Fe 0.18 / 0.27

Ca-Co Co54Ca/Ca54Co -0.35 / -4.28

Ca-Ni Ca54Ni/Ni54Ca -0.47 / -6.15

Ca-Cu Cu54Ca/Ca54Cu 0.01 / -0.51

Ca-Zn Ca54Zn/Zn54Ca -0.2 / -0.16

Ca-Ga Ga54Ca/Ca54Ga -0.02 / 0.18

Ca-Rb Rb54Ca/Ca54Rb -0.17 / -4.22

Ca-Sr Ca54Sr/Sr54Ca 0.19 / -2.24

Ca-Y Y54Ca/Ca54Y -0.1 / 1.42

Ca-Zr Zr54Ca/Ca54Zr -2.2 / -0.08

Ca-Nb Nb54Ca/Ca54Nb -4.46 / 0.14

Ca-Mo Mo54Ca/Ca54Mo -1.6 / -0.81

Ca-Tc Tc54Ca/Ca54Tc -5.51 / 0.11

Ca-Ru Ru54Ca/Ca54Ru -1.88 / -0.21

Ca-Rh Rh54Ca/Ca54Rh -3.22 / -0.44

Ca-Pd Pd54Ca/Ca54Pd -2.82 / 0.06
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Pair name System of calculation Segregation energy (eV)
Ca-Ag Ag54Ca/Ca54Ag 1.3 / 0.44

Ca-Cd Cd54Ca/Ca54Cd 0.45 / -1.32

Ca-In In54Ca/Ca54In -0.95 / 0.89

Ca-Sn Sn54Ca/Ca54Sn 0.3 / 0.92

Ca-Sb Sb54Ca/Ca54Sb -0.67 / -0.66

Ca-Hf Hf54Ca/Ca54Hf -2.59 / 0.67

Ca-Ta Ta54Ca/Ca54Ta -4.10 / 0.44

Ca-W W54Ca/Ca54W -7.14 / -1.06

Ca-Re Re54Ca/Ca54Re 5.87 / -8.13

Ca-Os Os54Ca/Ca54Os 5.12 / -9.28

Ca-Ir Ir54Ca/Ca54Ir 5.19 / -5.39

Ca-Pt Pt54Ca/Ca54Pt 4.45 / -2.2

Ca-Au Ca54Au/Au54Ca 0.97 / 0.08

Ca-Pd Ca54Pd/Pd54Ca 0.69 / 1.25

Sc-V Sc54V/V54Sc 0.87 / -1.33

Sc-Cr Sc54Cr/Cr54Sc 0.15 / -2.56

Sc-Mn Sc54Mn/Mn54Sc 0.58 / -4.18

Sc-Fe Sc54Fe/Fe54Sc 0.03 / -2.26

Sc-Ni Sc54Ni/Ni54Sc -0.06 / -18.84

Sc-Cu Sc54Cu/Cu54Sc 0.41 / -26.67

Sc-Zn Sc54Zn/Zn54Sc 0.17 / -13.63

Sc-Ga Sc54Ga/Ga54Sc 0.07 / -9.83

Sc-Rb Rb54Sc/Sc54Rb 0.48 / -1.03

Sc-Y Sc54Y/Y54Sc -0.39 / -2.03

Sc-Mo Sc54Mo/Mo54Sc 0.59 / -5.26

Sc-Tc Sc54Tc/Tc54Sc 0.74 / -2.29

Sc-Ru Sc54Ru/Ru54Sc 0.67 / -1.9

Sc-Rh Sc54Rh/Rh54Sc 0.59 / -2.12

Sc-Pd Sc54Pd/Pd54Sc 0.75 / -0.02

Sc-Ag Sc54Ag/Ag54Sc 0.52 / 0.16

Sc-Cd Sc54Cd/Cd54Sc 0.20 / 0.12

Sc-In Sc54In/In54Sc 1.49 / 1.06

Sc-Sn Sc54Sn/Sn54Sc 0.60 / 1.76

Sc-Sb Sc54Sb/Sb54Sc 2.01 / 0.67

Sc-W Sc54W/W54Sc 1.07 / -3.78

Sc-Os Sc54Os/Os54Sc 3.67 / -0.36
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Pair name System of calculation Segregation energy (eV)
Sc-Ir Sc54Ir/Ir54Sc 2.09 / -0.47

Sc-Pt Sc54Pt/Pt54Sc 2.40 / 0.73

Sc-Au Sc54Au/Au54Sc 2.47 / 0.83

Sc-Pb Pb54Sc/Sc54Pb 2.55 / -0.7

Ti-Co Ti54Co/Co54Ti 2.01 / -0.34

Ti-Fe Ti54Fe/Fe54Ti 1.85 / -1.83

Ti-Mn Ti54Mn/Mn54Ti 1.57 / -0.68

Ti-Cr Ti54Cr/Cr54Ti 2.55 / -0.97

Ti-Cu Ti54Cu/Cu54Ti 2.01 / -0.34

Ti-Ga Ga54Ti/Ti54Ga 1.57 / -1.82

Ti-Rb Rb54Ti/Ti54Rb 0.51 / -4.93

Ti-Y Y54Ti/Ti54Y 2.36 / -0.05

Ti-Zr Zr54Ti/Ti54Zr 1.50 / -0.63

Ti-Nb Ti54Nb/Nb54Ti 1.4 / 0.42

Ti-Mo Mo54Ti/Ti54Mo 1.30 / 1.24

Ti-Tc Tc54Ti/Ti54Tc 1.69 / -0.71

Ti-Ru Ru54Ti/Ti54Ru 1.85 / -0.84

Ti-Rh Rh54Ti/Ti54Rh 1.94 / -0.41

Ti-Pd Pd54Ti/Ti54Pd 1.44 / -0.47

Ti-Ag Ag54Ti/Ti54Ag 1.02 / -0.27

Ti-Hf Hf54Ti/Ti54Hf 1.92 / 0.31

Ti-Ta Ta54Ti/Ti54Ta 2.11 / -0.04

Ti-Sn Sn54Ti/Ti54Sn 0.57 / -0.64

Ti-Hf Hf54Ti/Ti54Hf 2.11 / -0.04

Ti-Hf Hf54Ti/Ti54Hf 0.67 / -0.64

Ti-Au Ta54Ti/Ti54Au 1.69 / -0.71

Ti-Re Re54Ti/Ti54Re -0.44 / 1.96

Ti-Os Os54Ti/Ti54Os -0.6 / 2.23

Ti-Ir Ir54Ti/Ti54Ir 0.11 / 2.28

Ti-Pt Pt54Ti/Ti54Pt 1.73 / -2.12

Ti-Pb Pb54Ti/Ti54Pb -2.9 / -3.7

V-Cr V54Cr/Cr54V 0.7 / -0.7

V-Ni V54Ni/Ni54V -2.82 / -1.02

V-Cu V54Cu/Cu54V -2.94 / -0.22

V-Zn V54Zn/Zn54V 2.8 / 0.002

V-Ge Ge54V/V54Ge 1.19 / -0.54
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Pair name System of calculation Segregation energy (eV)
V-Sr Sr54V/V54Sr -1.34 / -5.81

V-Y Y54V/V54Y 0.67 / -1.25

V-Zr Zr54V/V54Zr 0.41 / -1.06

V-Nb V54Nb/Nb54V -2.39 / 1.12

V-Tc V54Tc/Tc54V 0.19 / 0.42

V-Rh Rh54V/V54Rh 2.48 / 0.27

V-Pd Pd54V/Pd54V 3.7 / 0.08

V-Ag Ag54V/V54Ag 1.72 / 0.7

V-Cd V54Cd/Cd54V 0.5 / 0.41

V-In In54V/V54In 2.75 / -6.17

V-Sn Sn54V/V54Sn -5.82 / -5.47

V-Sb Sb54V/V54Sb -9.13 / -10.95

V-Hf Hf54V/V54Hf 1.52 / -1.59

V-W W54V/V54W 0.32 / -1.9

V-Re Re54V/V54Re 0.5 / -0.13

V-Os Os54V/V54Os -0.19 / -0.91

V-Ir Ir54V/V54Ir 0.63 / -0.55

V-Pt Pt54V/V54Pt 2.67 / -0.57

V-Pb Pb54V/V54Pb 2.55 / -1.05

Cr-Mn Cr54Mn/Mn54Cr 0.6 / -14.36

Cr-Fe Fe54Cr/Cr54Fe 1.15 / -1.87

Cr-Co Cr54Co/Co54Cr 0.87 / -0.02

Cr-Ni Cr54Ni/Ni54Cr 0.3 / -0.85

Cr-Ga Ge54Cr/Cr54Ge 1.32 / -0.54

Cr-Rb Rb54Cr/Cr54Rb 0.36 / -4.97

Cr-Sr Sr54Cr/Cr54Sr -0.41 / -13.55

Cr-Y Cr54Y/Y54Cr 1.51 / -1.05

Cr-Zr Cr54Zr/Zr54Cr 1.17 / -0.63

Cr-Mo Cr54Mo/Mo54Cr -0.49 / -1.7

Cr-Tc Cr54Tc/Tc54Cr 0.19 / -0.97

Cr-Ru Cr54Ru/Ru54Cr 0.9 / -1.43

Cr-Pd Pd54Cr/Cr54Pd 2.25 / 0.0

Cr-Ag Cr54Ag/Ag54Cr 3.06 / 2.65

Cr-Cd Cr54Cd/Cd54Cr 0.3 / 2.45

Cr-In In54Cr/Cr54In 1.19 / -5.94

Cr-Sn Cr54Sn/Sn54Cr 1.0 / -7.92
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Pair name System of calculation Segregation energy (eV)
Cr-Sb Sb54Cr/Cr54Sb -1.07 / -5.12

Cr-Ta Hf54Cr/Cr54Ta 1.84 / -1.5

Cr-Hf Ta54Cr/Cr54Hf 2.16 / -2.27

Cr-W W54Cr/Cr54W 1.15 / -0.79

Cr-Os Os54Cr/Cr54Os 2.64 / -1.04

Cr-Ir Ir54Cr/Cr54Ir 2.1 / -0.38

Cr-Pt Pt54Cr/Cr54Pt 1.71 / 0.56

Cr-Au Au54Cr/Cr54Au 2.53 / -0.38

Cr-Pb Pb54Cr/Cr54Pb 2.87 / -4.48

Mn-Ge Ge54Mn/Mn54Ge 0.35 / -4.98

Mn-Rb Rb54Mn/Mn54Rb 0.04 / -11.65

Mn-Sr Sr54Mn/Mn54Sr 0.09 / -9.93

Mn-Y Mn54Y/Y54Mn -6.49 / -0.1

Mn-Zr Zr54Mn/Mn54Zr -2.41 / -7.79

Mn-Nb Nb54Mn/Mn54Nb -1.16 / -0.59

Mn-Mo Mo54Mn/Mn54Mo 0.24 / -9.53

Mn-Rh Mn54Rh/Rh54Mn -1.22 / -0.27

Mn-Pd Pd54Mn/Mn54Pd -1.98 / 0.87

Mn-Cd Mn54Cd/Cd54Mn 1.33 / -0.59

Mn-In In54Mn/Mn54In -2.03 / -4.44

Mn-Sn Sn54Mn/Mn54Sn 2.31 / -4.23

Mn-Sb Sb54Mn/Mn54Sb -0.61 / -0.93

Mn-Hf Hf54Mn/Mn54Hf -2.19 / -2.42

Mn-Ta Ta54Mn/Mn54Ta -1.91 / -1.27

Mn-W W54Mn/Mn54W 0.37 / -0.09

Mn-Re Re54Mn/Mn54Re 0.18 / 0.13

Mn-Pt Pt54Mn/Mn54Pt -1.38 / -1.77

Mn-Au Au54Mn/Mn54Au -0.17 / -5.87

Mn-Pb Pb54Mn/Mn54Pb 2.77 / -5.17

Fe-Ga Ge54Fe/Fe54Ge 0.95 / -0.38

Fe-Rb Rb54Fe/Fe54Rb 0.13 / -10.05

Fe-Sr Sr54Fe/Fe54Sr -4.65 / -5.33

Fe-Y Y54Fe/Fe54Y -1.36 / -7.83

Fe-Zr Zr54Fe/Fe54Zr -1.72 / 1.2

Fe-Nb Nb54Fe/Fe54Nb 0.5 / -1.25

Fe-Mo Mo54Fe/Fe54Mo 0.49 / -0.8
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Pair name System of calculation Segregation energy (eV)
Fe-Tc Fe54Tc/Tc54Fe 0.83 / 0.38

Fe-Cd Cd54Fe/Fe54Cd -3.3 / -0.91

Fe-In In54Fe/Fe54In 0.94 / -4.36

Fe-Sn Sn54Fe/Fe54Sn 3.04 / -6.02

Fe-Sb Sb54Fe/Fe54Sb 1.4 / -4.5

Fe-Hf Hf54Fe/Fe54Hf -2.67 / -4.91

Fe-Ta Ta54Fe/Fe54Ta 0.64 / -0.11

Fe-W W54Fe/Fe54W 2.15 / 0.16

Fe-Re Re54Fe/Fe54Re 0.57 / -1.9

Fe-Pb Pb54Fe/Fe54Pb 2.57 / 1.11

Fe-Ge Ge54Co/Co54Ge -0.19 / -0.84

Co-Rb Rb54Co/Co54Rb 0.37 / -4.97

Co-Y Co54Y/Y54Co 0.92 / -18.64

Co-Zr Co54Zr/Zr54Co -3.03 / -3.2

Co-Nb Co54Nb/Nb54Co -2.81 / -2.29

Co-Mo Mo54Co/Co54Mo -1.2 / -0.93

Co-Tc Co54Tc/Tc54Co 0.91 / 0.54

Co-Cd Cd54Co/Co54Cd 0.17 / 0.41

Co-Sn Sn54Co/Co54Sn 0.02 / -3.72

Co-In In54Co/Co54In -0.97 / -4.77

Co-Hf Hf54Co/Co54Hf -2.73 / -4.93

Co-Ta Ta54Co/Co54Ta -1.81 / -0.52

Co-W W54Co/Co54W 1.14 / 0.26

Co-Os Os54Co/Co54Os 2.64 / -1.48

Co-Ir Ir54Co/Co54Ir 2.1 / -0.38

Co-Pt Pt54Co/Co54Pt 1.54 / 0.77

Ni-Pb Pb54Co/Co54Pb 0.02 / 0.47

Ni-Zn Zn54Ni/Ni54Zn -1.27 / -8.53

Ni-Ge Ge54Ni/Ni54Ge -0.37 / -1.19

Ni-Rb Rb54Ni/Ni54Rb 0.05 / -11.96

Ni-Sr Sr54Ni/Ni54Sr -0.83 / 1.85

Ni-Y Y54Ni/Ni54Y -6.42 / -0.91

Ni-Zr Zr54Ni/Ni54Zr -3.96 / -2.49

Ni-Nb Nb54Ni/Ni54Nb -0.98 / -0.84

Ni-Mo Mo54Ni/Ni54Mo -1.79 / -1.22

Ni-Tc Tc54Ni/Ni54Tc -2.64 / -0.91
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Pair name System of calculation Segregation energy (eV)
Ni-Cd Cd54Ni/Ni54Cd -1.26 / -0.97

Ni-In In54Ni/Ni54In -1.98 / -4.04

Ni-Sn Sn54Ni/Ni54Sn 0.52 / -0.91

Ni-Sb Sb54Ni/Ni54Sb -3.18 / -2.09

Ni-Hf Hf54Ni/Ni54Hf -2.07 / -1.18

Ni-Ta Ta54Ni/Ni54Ta -0.44 / -1.12

Ni-W W54Ni/Ni54W -0.16 / -0.03

Ni-Pb Pb54Ni/Ni54Pb -1.57 / -3.83

Cu-Ge Ge54Cu/Cu54Ge -1.23 / -0.93

Cu-Rb Rb54Cu/Cu54Rb -8.43 / -7.07

Cu-Sr Sr54Cu/Cu54Sr -0.87 / -5.89

Cu-Y Y54Cu/Cu54Y -1.05 / -9.19

Cu-Zr Zr54Cu/Cu54Zr -0.7 / -4.35

Cu-Mo Mo54Cu/Cu54Mo -2.31 / -1.03

Cu-Cd Cd54Cu/Cu54Cd 0.62 / -0.3

Cu-In In54Cu/Cu54In 1.87 / -0.94

Cu-Sn Sn54Cu/Cu54Sn 0.16 / -2.83

Cu-Sb Sb54Cu/Cu54Sb 0.87 / -4.91

Cu-Hf Hf54Cu/Cu54Hf -2.4 / -1.46

Cu-Ta Ta54Cu/Cu54Ta -0.41 / -0.92

Cu-W W54Cu/Cu54W 1.12 / 0.26

Cu-Au Au54Cu/Cu54Au -1.17 / -5.39

Cu-Pb Pb54Cu/Cu54Pb -1.3 / -3.74

Zn-Rb Rb54Zn/Zn54Rb -0.3 / -4.81

Zn-Sr Sr54Zn/Zn54Sr -0.3 / -4.42

Zn-Y Y54Zn/Zn54Y -2.1 / -6.99

Zn-Zr Zr54Zn/Zn54Zr 0.47 / 0.29

Zn-Nb Nb54Zn/Zn54Nb -0.39 / 0.2

Zn-Mo Mo54Zn/Zn54Mo -1.9 / -0.52

Zn-Cd Cd54Zn/Zn54Cd 0.11 / 0.16

Zn-In In54Zn/Zn54In 2.1 / 0.19

Zn-Sn Sn54Zn/Zn54Sn 2.43 / 0.69

Zn-Sb Sb54Zn/Zn54Sb 0.05 / -0.66

Zn-Hf Hf54Zn/Zn54Hf -1.37 / -0.2

Zn-Ta Ta54Zn/Zn54Ta 0.59 / -0.25

Zn-W W54Zn/Zn54W -0.02 / -0.87
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Pair name System of calculation Segregation energy (eV)
Zn-Os Os54Zn/Zn54Os 0.43 / 1.14

Zn-Pt Pt54Zn/Zn54Pt -0.9 / -7.76

Ge-Rb Ge54Rb/Rb54Ge 2.7 / -0.92

Ge-Sr Ge54Sr/Sr54Ge 2.6 / -0.04

Ge-Y Ge54Y/Y54Ge 2.74 / -8.82

Ge-Zr Ge54Zr/Zr54Ge 2.74 / -8.27

Ge-Nb Nb54Ge/Ge54Nb 2.5 / -1.04

Ge-Tc Ge54Tc/Tc54Ge 1.35 / -1.52

Ge-Ru Ge54Ru/Ru54Ge 0.46 / -1.45

Ge-Rh Ge54Rh/Rh54Ge -0.97 / -1.96

Ge-Pd Ge54Pd/Pd54Ge -1.08 / -1.46

Ge-Ag Ge54Ag/Ag54Ge -0.35 / -0.3

Ge-Cd Ge54Cd/Cd54Ge 0.07 / 0.13

Ge-In Ge54In/In54Ge 1.0 / 0.45

Ge-Sn Ge54Sn/Sn54Ge 0.93 / 0.46

Ge-Sb Ge54Sb/Sb54Ge 3.17 / -0.23

Ge-Hf Ge54Hf/Hf54Ge 3.05 / 0.5

Ge-Ta Ge54Ta/Ta54Ge 1.12 / -2.75

Ge-W Ge54W/W54Ge 2.31 / -0.67

Ge-Re Ge54Re/Re54Ge -0.82 / -5.32

Ge-Os Ge54Os/Os54Ge -0.49 / -1.58

Ge-Ir Ge54Ir/Ir54Ge -0.57 / -0.93

Ge-Pt Ge54Pt/Pt54Ge -0.09 / -0.94

Ge-Au Ge54Au/Au54Ge 0.42 / -0.92

Ge-Pb Ge54Pb/Pb54Ge -0.1 / -0.12

Rb-Sr Sr54Rb/Rb54Sr 0.257 / 0.92

Rb-Y Y54Rb/Rb54Y -2.75 / -0.92

Rb-Zr Zr54Rb/Rb54Zr -5.89 / -0.75

Rb-Nb Nb54Rb/Rb54Nb -11.10 / -5.97

Rb-Mo Mo54Rb/Rb54Mo -4.63 / -0.65

Rb-Tc Tc54Rb/Rb54Tc -11.47 / -1.07

Rb-Ru Ru54Rb/Rb54Ru -2.34 / -4.89

Rb-Rh Rh54Rb/Rb54Rh 1.09 / 0.78

Rb-Pd Pd54Rb/Rb54Pd -8.43 / -0.12

Rb-Ag Ag54Rb/Rb54Ag -0.16 / 0.16

Rb-Cd Cd54Rb/Rb54Cd 2.55 / -1.33
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Pair name System of calculation Segregation energy (eV)
Rb-In In54Rb/Rb54In -2.4 / 0.53

Rb-Sn Sn54Rb/Rb54Sn 1.25 / 0.04

Rb-Sb Sb54Rb/Rb54Sb -4.10 / -0.83

Rb-Hf Hf54Rb/Rb54Hf -6.70 / 0.98

Rb-Ta Ta54Rb/Rb54Ta -1.34 / 1.13

Rb-W W54Rb/Rb54W -13.65 / -4.93

Rb-Os Os54Rb/Rb54Os 1.84 / -2.83

Rb-Re Re54Rb/Rb54Re 2.25 / -4.28

Rb-Ir Ir54Rb/Rb54Ir 2.97 / -1.64

Rb-Pt Pt54Rb/Rb54Pt -5.98 / -10.48

Rb-Au Au54Rb/Rb54Au 3.53 / -5.96

Rb-Hg Hg54Rb/Rb54Hg 1.7 / 1.01

Rb-Pb Pb54Rb/Rb54Pb -0.45 / -0.01

Sr-Y Y54Sr/Sr54Y -2.19 / 0.56

Sr-Zr Zr54Sr/Sr54Zr -3.05 / -0.31

Sr-Nb Nb54Sr/Sr54Nb -8.47 / 0.47

Sr-Mo Mo54Sr/Sr54Mo -1.23 / -0.2

Sr-Tc Tc54Sr/Sr54Tc -3.9 / -0.03

Sr-Ru Ru54Sr/Sr54Ru -8.65 / -0.93

Sr-Rh Rh54Sr/Sr54Rh -1.75 / -0.79

Sr-Pd Pd54Sr/Sr54Pd -4.91 / -0.02

Sr-Ag Ag54Sr/Sr54Ag -3.39 / -0.31

Sr-Cd Cd54Sr/Sr54Cd 1.12 / -0.33

Sr-In In54Sr/Sr54In 0.47 / 0.24

Sr-Sn Sn54Sr/Sr54Sn -0.13 / 0.91

Sr-Sb Sb54Sr/Sr54Sb 0.0 / 0.63

Sr-Hf Hf54Sr/Sr54Hf -4.17 / 0.35

Sr-Ta Ta54Sr/Sr54Ta -5.83 / 0.44

Sr-W W54Sr/Sr54W -10.63 / -0.11

Sr-Re Re54Sr/Sr54Re 1.63 / -17.59

Sr-Os Os54Sr/Sr54Os 4.48 / -0.31

Sr-Ir Ir54Sr/Sr54Ir 4.16 / -0.25

Sr-Pt Pt54Sr/Sr54Pt 2.18 / -1.09

Sr-Au Au54Sr/Sr54Au 2.36 / 1.49

Y-Nb Nb54Y/Y54Nb -0.11 / -0.62

Y-Mo Mo54Y/Y54Mo -0.01 / -7.27
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Pair name System of calculation Segregation energy (eV)
Y-Tc Tc54Y/Y54Tc -1.77 / -5.2

Y-Ru Ru54Y/Y54Ru -0.99 / -4.56

Y-Rh Rh54Y/Y54Rh -0.94 / -1.79

Y-Pd Pd54Y/Y54Pd -0.34 / -1.96

Y-Ag Ag54Y/Y54Ag -0.5 / -0.92

Y-Cd Cd54Y/Y54Cd 0.35 / 0.01

Y-In In54Y/Y54In 0.94 / 0.69

Y-Sn Sn54Y/Y54Sn 2.29 / 0.81

Y-Sb Sb54Y/Y54Sb 2.29 / 0.81

Y-Hf Hf54Y/Y54Hf 1.91 / 0.64

Y-Os Os54Y/Y54Os -0.96 / -6.7

Y-Re Re54Y/Y54Re 0.05 / -6.62

Y-Ir Ir54Y/Y54Ir 0.26 / -4.2

Y-Au Au54Y/Y54Au 0.15 / -0.79

Y-Pb Pb54Y/Y54Pb 0.37 / -0.67

Zr-Nb Nb54Zr/Zr54Nb 1.17 / 3.34

Zr-Mo Mo54Zr/Zr54Mo 1.81 / 2.23

Zr-Ru Ru54Zr/Zr54Ru 2.41 / -0.53

Zr-Rh Rh54Zr/Zr54Rh 2.36 / -2.83

Zr-Pd Pd54Zr/Zr54Pd 2.80 / 0.18

Zr-Ag Ag54Zr/Zr54Ag 0.12 / 0.91

Zr-Cd Cd54Zr/Zr54Cd 0.52 / 0.94

Zr-In In54Zr/Zr54In 2.50 / 0.94

Zr-Sn Sn54Zr/Zr54Sn -0.45 / -0.69

Zr-Sb Sb54Zr/Zr54Sb 1.23 / -0.39

Zr-Re Re54Zr/Zr54Re 2.17 / -0.92

Zr-Os Os54Zr/Zr54Os 1.49 / -3.21

Zr-Ir Ir54Zr/Zr54Ir 3.02 / -1.1

Zr-Au Au54Zr/Zr54Au 1.87 / 1.11

Zr-Pb Pb54Zr/Zr54Pb 2.49 / 0.43

Nb-Mo Mo54Nb/Nb54Mo -0.21 / -0.53

Nb-Tc Tc54Nb/Nb54Tc 0.57 / 0.96

Nb-Ru Ru54Nb/Nb54Ru -0.92 / -1.53

Nb-Rh Rh54Nb/Nb54Rh -1.06 / -0.43

Nb-Pd Pd54Nb/Nb54Pd -0.65 / -1.84

Nb-In In54Nb/Nb54In 2.25 / -1.92
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Pair name System of calculation Segregation energy (eV)
Nb-Sn Sn54Nb/Nb54Sn -0.33 / -0.39

Nb-Sb Sb54Nb/Nb54Sb -0.47 / 1.06

Nb-Ta Ta54Nb/Nb54Ta -0.07 / -1.52

Nb-W W54Nb/Nb54W 1.37 / -1.96

Nb-Re Re54Nb/Nb54Re 0.89 / -1.45

Nb-Os Os54Nb/Nb54Os -1.9 / -1.95

Nb-Ir Nb54Ir/Ir54Nb 0.03 / -1.29

Nb-Pb Pb54Nb/Nb54Pb -3.13 / -4.75

Mo-Tc Tc54Mo/Mo54Tc 0.57 / 0.04

Mo-Ru Ru54Mo/Mo54Ru -0.81 / -0.11

Mo-Rh Rh54Mo/Mo54Rh 0.67 / -0.01

Mo-Ag Ag54Mo/Mo54Ag -2.61 / 0.75

Mo-Cd Cd54Mo/Mo54Cd 1.20 / 0.22

Mo-In In54Mo/Mo54In 0.64 / -0.57

Mo-Sn Sn54Mo/Mo54Sn 1.34 / -1.37

Mo-Ta Ta54Mo/Mo54Ta -2.09 / -0.26

Mo-W W54Mo/Mo54W 1.02 / -0.46

Mo-Re Re54Mo/Mo54Re 2.30 / -4.08

Mo-Pb Pb54Mo/Mo54Pb -0.95 / -0.12

Tc-Rh Rh54Tc/Tc54Rh 0.89 / -0.52

Tc-Cd Cd54Tc/Tc54Cd 1.27 / 0.37

Tc-In In54Tc/Tc54In 2.89 / 1.52

Tc-Sn Sn54Tc/Tc54Sn -0.68 / -0.74

Tc-Sb Sb54Tc/Tc54Sb -1.94 / -7.21

Tc-Hf Hf54Tc/Tc54Hf -1.72 / 2.64

Tc-Ta Ta54Tc/Tc54Ta 0.62 / 1.18

Tc-W W54Tc/Tc54W 0.20 / -0.21

Tc-Pb Pb54Tc/Tc54Pb 2.95 / -5.33

Ru-Cd Cd54Ru/Ru54Cd 1.27 / 0.43

Ru-In In54Ru/Ru54In 0.62 / -0.36

Ru-Sn Sn54Ru/Ru54Sn -0.25 / -4.36

Ru-Sb Sb54Ru/Ru54Sb -1.97 / -5.91

Ru-Hf Hf54Ru/Ru54Hf -2.08 / -7.88

Ru-Ta Ta54Ru/Ru54Ta -0.67 / -2.25

Ru-Pb Pb54Ru/Ru54Pb 2.04 / -5.34

Rh-Cd Cd54Rh/Rh54Cd 1.19 / -0.31
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Pair name System of calculation Segregation energy (eV)
Rh-In In54Rh/Rh54In 0.96 / -3.88

Rh-Sn Sn54Rh/Rh54Sn 2.04 / -1.37

Rh-Sb Sb54Rh/Rh54Sb -2.23 / -4.21

Rh-Hf Hf54Rh/Rh54Hf -1.96 / -2.81

Rh-Pb Pb54Rh/Rh54Pb 1.92 / -5.33

Pd-Sn Sn54Pd/Pd54Sn -0.63 / -1.09

Pd-Sb Sb54Pd/Pd54Sb 1.94 / 1.17

Pd-Hf Hf54Pd/Pd54Hf 1.09 / 1.19

Pd-Pb Pb54Pd/Pd54Pb -0.57 / -1.02

Pd-Ag Ag54Pd/Pd54Ag 0.62 / 2.67

Pd-Cd Cd54Pd/Pd54Cd -1.04 / -0.35

Cd-In In54Cd/Cd54In 0.79 / 0.84

Cd-Sn Sn54Cd/Cd54Sn -0.44 / -0.05

Cd-Sb Sb54Cd/Cd54Sb 1.15 / 0.65

Cd-Hf Hf54Cd/Cd54Hf 0.83 / 1.33

Cd-Ta Ta54Cd/Cd54Ta 0.31 / -0.73

Cd-W W54Cd/Cd54W 1.0 / -0.43

Cd-Re Re54Cd/Cd54Re -1.37 / -0.05

Cd-Os Os54Cd/Cd54Os 1.35 / -0.66

Cd-Pt Pt54Cd/Cd54Pt -0.42 / -2.12

Cd-Au Au54Cd/Cd54Au 0.96 / 0.45

Cd-Pb Pb54Cd/Cd54Pb 2.17 / -0.75

In-Sn In54Sn/Sn54In -0.34 / -0.12

In-Sb In54Sb/Sb54In 0.36 / 2.146

In-Hf Hf54In/In54Hf 1.85 / 1.91

In-Ta Ta54In/In54Ta 2.40 / 0.94

In-W W54In/In54W 2.57 / -2.477

In-Re Re54In/In54Re 2.65 / -5.61

In-Os Os54In/In54Os 2.23 / -4.07

In-Ir Ir54In/In54Ir 1.97 / -1.54

In-Pt Pt54In/In54Pt 1.76 / -2.47

In-Pb Pb54In/In54Pb 2.03 / -0.37

Sn-Hf Hf54Sn/Sn54Hf 2.50 / 0.49

Sn-Ta Ta54Sn/Sn54Ta 2.5 / 1.43

Sn-W W54Sn/Sn54W 1.0 / -1.26

Sn-Re Re54Sn/Sn54Re 0.96 / -5.69
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Sn-Os Os54Sn/Sn54Os -0.99 / -4.52

Sn-Ir Ir54Sn/Sn54Ir -1.05 / -1.1

Sn-Pt Pt54Sn/Sn54Pt 0.09 / -2.61

Sn-Pb Pb54Sn/Sn54Pb 0.04 / -1.16

Sb-Ta Ta54Sb/Sb54Ta -1.83 / 0.23

Sb-Re Re54Sb/Sb54Re -1.77 / -5.08

Sb-Os Os54Sb/Sb54Os -1.66 / -6.15

Sb-Ir Ir54Sb/Sb54Ir -1.07 / -4.76

Sb-Pt Pt54Sb/Sb54Pt -2.35 / -3.61

Sb-Pb Pb54Sb/Sb54Pb -2.31 / -2.34

Sb-Au Au54Sb/Sb54Au 0.30 / -0.23

Hf-Os Os54Hf/Hf54Os 3.17 / 2.75

Hf-Ir Ir54Hf/Hf54Ir 2.97 / 2.4

Hf-Pt Pt54Hf/Hf54Pt 3.10 / 0.14

Hf-Pb Pb54Hf/Hf54Pb 0.34 / -0.54

Ta-Os Os54Ta/Ta54Os -0.46 / -0.45

Ta-Ir Ir54Ta/Ta54Ir 1.45 / -1.41

Ta-Pt Pt54Ta/Ta54Pt -2.49 / 1.6

Ta-Au Au54Ta/Ta54Au 0.29 / 2.21

W-Pt Pt54W/W54Pt 0.50 / -1.73

W-Re Re54W/W54Re -0.58 / -0.18

W-Os Os54W/W54Os -1.05 / -1.26

W-Pb Pb54W/W54Pb -0.14 / -0.04

Re-Ir Ir54Re/Re54Ir 4.5 / 0.85

Re-Au Au54Re/Re54Au -1.76 / 2.11

Re-Os Os54Re/Re54Os -4.56 / 2.81

Os-Pb Pb54Os/Os54Pb -2.17 / -0.53

Pt-Pb Pb54Pt/Pt54Pb -2.89 / -1.35

Au-Pb Pb54Au/Au54Pb -2.92 / -1.35
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