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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 �nd 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

con�guration.

• The in�uence of component concentration and cluster size on ordering was further inves-

tigated in terms of detailed �rst-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 �rst determined the optimal conditions

of bias voltage and stretching rate required to form atomic chains longer than 4	A. 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 �nd 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 scienti�c 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 �rst 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 ampli�ers 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 in�uence 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 �eld of materials science has closely followed the tracks of evolu-

tion in the overall �elds 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 ef�cacy in materials discovery, a large scale col-

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

implementation of materials and work�ow 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 �elds 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 scienti�c research paradigm[3]. Major momentum to this �eld

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 �eld 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 bene�t 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 Arti�cial 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 �elds of pattern recognition

(facial[11] or �ngerprint 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 �nds great use in problems where fashioning

speci�c 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 classi�ed 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 classi�cation. 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 brie�y 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 �rst 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

�rst principles calculations by machine learned force �elds. Another prominent ap-

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

�nd �tting 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 de�nite phase. For example, Ward et al.[26] em-

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

et.al[27] have identi�ed 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 speci�c binary crystal structure[29],

classi�cation of binary crystal structures[30] and ternary compounds[31], classi�ca-

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 classi�cation using an algorithm optimized on

a simulated 2D diffraction �ngerprint[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. Classi�cation 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,�rst

to classify materials as metals or non-metals using a classi�er and then a regressor

to predict the bandgaps. Weston et.al[37] have taken the route of classi�cation to

distinguish between direct and indirect bandgaps in semiconducting materials. Rajan

et.al[38] have predicted high-�delity 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 �eld. 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 work�ow, including XRD classi�cation,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 bene�cial in training a ML model capable of predicting

the crystallization of vanadium selenites[53].

• Machine learning force �elds: 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 �elds. Machine learned

force �elds, 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 �elds. The underlying hypothesis for

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

arrangement of its surrounding atoms. With a dataset containing suf�cient 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,

speci�cally 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 �rst 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 �elds

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
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(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 �elds 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 con�gu-

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 �rst 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 con�guration: 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 �rst-

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 in�uence of component concentration and cluster size on ordering

is further investigated in terms of detailed �rst-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 in�uence of the electric �eld 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

�nd optimal conditions of bias and the stretching rate for the formation of chains of

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

• Layered, crystalline, MAX compounds, particularly, Ti 2AlC: 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 �nally 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 Classi�cation 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 modi�es 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 pro�le 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 �gure 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 :

DEc = Ec1 � Ec2 = f (Eg1 � Eg2) = f DEg

DEv = Ev1 � Ev2 = ( 1� f )(Eg1 � Eg2) = ( 1� f )DEg

It is considered that Eg1 > Eg2 andDEg is the bandgap difference. The factor f gives the

ratio DEc
DEg

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-

�nes 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 �nd 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

10



1.1. Material Background and Phenomena

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

< Eg1. Holes and electrons are con�ned 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 af�nities of the con-

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

DEc = x1 � x2;

where x1 and x2 are the electron af�nities 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 �rst principles calculations.

A heterostructure can also be classi�ed 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 �lms 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 con�ned carriers in all dimensions and electronic properties are dominated by their ge-

ometric size and shape. This quantum con�nement 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 �nd

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

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 sul�de have found ubiquitous interest in this regard. Although transition metal sul-

�des 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-modi�ed 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-ef�ciency 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 con�gurations, and for their miscellaneous applications in optics[89,
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1.1. Material Background and Phenomena

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 �ve nearest neighbors in the surface plane. A hexagonal bipyramid with
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1.1. Material Background and Phenomena

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 �ve-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 �ve (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 ofRos-

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 con�gurations 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

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

range correlation. Systems exhibiting ordered phases for some speci�c 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 con�gurations,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 con�gruation, 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 con�guration, the shell incom-

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