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This paper reviews recent advances in the field of metallic glasses, focusing on the development of novel
experimental techniques and in silico models. We discuss progress in experimental characterization, additive
manufacturing, multiscale modeling approaches, and the growing role of machine learning in understanding and
designing these complex materials. On the experimental side, we highlight measurements of thermophysical
properties of supercooled liquids via fast chip calorimetry and enhancements in mechanical properties through
rejuvenation treatments. This work underscores the crucial role of short-range order and medium-range order in
controlling metallic glass mechanical properties. Recent progress in structural probes allows in situ observations
of deformation mechanisms, positioning the field well to further advance our understanding of mechanical
properties. Additive manufacturing of metallic glasses is discussed as one encouraging new manufacturing route
for metallic glasses. We examine laser powder-bed fusion process physics and the central trade-off between
amorphicity and densification, including heat affected zone devitrification and defects formation, together with
emerging mitigation strategies and applications. On the theoretical and simulation side, we review advances
in nanoscale, mesoscale, and continuum modeling of metallic glasses that have led to promising approaches
by which multiscale schemes can incorporate data sourced from atomic-scale simulations. These efforts have
helped to elucidate the connection between the glass structure and mechanical and rheological responses. We
also cover the development of machine learning interatomic potentials for metallic glasses, along with machine
learning driven prediction of glass forming ability and inverse design methods. Finally, challenges and directions
for future research are presented and discussed.
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I. INTRODUCTION

Metallic glasses (MGs) are a unique class of materials char-
acterized by a disordered atomic structure, formed when a
molten alloy is rapidly cooled to prevent crystallization [1–4].
Basically all liquids form glasses when cooled sufficiently fast
[5–8], but compared to other types of glasses and crystalline
metals MGs feature exceptional properties [9] including, for
example, high strength and hardness [10], high elastic strain
limits, corrosion and radiation resistance [11], low energy
loss, soft magnetic behavior [12], and excellent processabil-
ity [13]. These unique characteristics are driving a growing in-
terest for a wide range of promising applications [14–17]. For
example, Zr-based MGs have been used in consumer electron-
ics such as smartphone and smartwatch casings, where their
superior strength, scratch resistance, and moldability provide
advantages compared to conventional metals [18]. Fe-based
MGs are used in transformer cores to reduce magnetic losses
and improve the energy efficiency of power grids [19]. In
aerospace and biomedical sectors, the light weight, remark-
able mechanical features, and excellent corrosion resistance
of MGs make them good candidates for structural compo-
nents and biocompatible medical implants [20]. Despite these
promising applications and extensive research in both industry
and academia, large-scale use of MGs remains limited. This
is related to persistent challenges in experiments, manufactur-
ing, and theoretical understanding. Below, we briefly summa-
rize the main challenges of metallic glasses, in Sections A-
D, including glass forming ability, thermomechanical history,
brittleness and ductility, and local structural effects. Next, in
Section E, we discuss current multiscale characterization tools
aiming at illuminating these open questions, on length scales
ranging from the atomic to the macroscopic.

A. Glass Forming Ability

A major difficulty in MG research is understanding their
glass forming ability (GFA), which describes how easily a
metallic alloy can form an amorphous structure during cool-
ing by suppressing crystallization [25]. Monatomic metals
are generally extremely poor at forming glasses, but utilizing
picosecond-pulsed laser ablation in a liquid medium it has re-
cently been demonstrated that glasses may be produced from
even the poorest monatomic glass formers, the fcc metals [26].
The GFA of alloys – our focus henceforth – depends signifi-
cantly on the composition and elemental concentration, which
determine the critical cooling rate, i.e., the minimum rate to
prevent crystal formation [13]. This, in turn, determines the
maximum size, or critical casting thickness, of a purely amor-
phous sample [27].

Alloys with low GFA, such as some Fe-based composi-
tions, can only be produced as very thin splats or films with
a size less than 10 mm thick, while those with moderate GFA
form ribbons or foils typically 20–100 mm thick [28]. Ad-
vances in alloy processing conditions, such as copper mold
casting, have enabled alloys such as Zr-Cu-Ni-Al or Pd-based
systems to be processed as bulk metallic glasses (BMGs), de-
fined as MGs with a minimum casting thickness greater than
1 mm [29]. Currently, the largest BMGs can reach dimen-
sions of a few centimeters [14]. Bulk formation is challeng-
ing because, in larger samples, heat cannot diffuse out quickly
enough to maintain the critical cooling rate throughout the ma-
terial, leading to crystallization in the slower cooling interior.
The design of BMGs that can be cast into larger sizes while
remaining amorphous is a key goal of the field. Improving our
understanding of GFA is crucial to this end.

Overall, the lack of a clear theoretical framework and pre-
dictive models for GFA remains a central challenge in metal-
lic glass research [28]. Consequently, researchers assess GFA
using various metrics, but there is no universal model to pre-
dict which alloys will exhibit high GFA [13]. Current criteria
for evaluating GFA can be classified into five main categories:
(i) Empirical rules, that have been proposed during the years
based on observed trends in different compositions, such as
the confusion principle (glass formation becomes easier with
increasing number of elements [30]), and Inoue’s three crite-
ria for high GFA in bulk MGs: 1) multicomponent alloy sys-
tems (typically three or more elements), 2) significant atomic
size differences among the main constituent elements (greater
than 12%), and 3) negative heats of mixing among major con-
stituent elements [10, 31]. Other features include proximity
to deep eutectic compositions (which are specific alloy ra-
tios where the liquidus temperature reaches a minimum) and
presence of metalloids in specific proportions [21, 32]. (ii)
Physical properties, including critical cooling rate, viscosity,
atomic mobility, and diffusion behavior [13, 33]. (iii) Struc-
tural and topological parameters, considering factors such as
atomic size differences, atomic packing efficiency, and topo-
logical frustration [34, 35]. (iv) Transformation temperatures,
based on characteristic temperatures such as the glass transi-
tion temperature (Tg), crystallization onset temperature (Tx),
and liquidus temperature (Tl) [10, 28]. For example, Turn-
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FIG. 1. Challenges of metallic glasses. a) Glass Forming Ability: Schematic time-temperature-transformation diagram showing the critical
cooling rate to bypass crystallization. Fast, intermediate, and slow cooling regimes correspond to cooling rates Rc � 10 5–106 K/s (1960s),
Rc � 10 2 K/s (1970s–1980s), and Rc � 1 K/s (1990s), respectively. SCL denotes the supercooled liquid region. The underlying conceptual
framework is discussed in Ref. [21]. b) Thermomechanical History: Schematic illustrating various possibilities for thermomechanically
relaxing or rejuvenating metallic glasses. Points a, b, and c represent possible initial energy states for a glass that may evolve to higher or
lower energy after exposure to mechanical deformation and/or elevated temperatures. Figure reproduced from Ref. [22] with permission from
Springer-Nature. c) Brittleness and Ductility: An Ashby plot of yield strength versus fracture toughness showing the wide range of fracture
toughness values that have been achieved for metallic glasses with relatively good fracture toughness based on Pd, Zr, or Ni. Figure reproduced
from Ref. [23] with open access CC BY license. d) Local structure and its influence on properties: 3D atomic packing of face centered cubic
like (at left) and hexagonal close packed like (at right) medium range order in a metallic glass sample revealed by atomic electron tomography.
Solute centers are shown as large red spheres with solvent atoms shown in blue and green. Figures reproduced from Ref. [24] with permission
from Springer-Nature.

bull’s criterion identifies the reduced glass transition tem-
perature Trg = T g=Tl). According to it, good glass form-
ers typically have a high Trg, i.e. a relatively high Tg com-
pared to Tl [36]. (v) Thermodynamic modeling, involving
parameters such as the heat of mixing, free energy differ-
ences between liquid and crystal phases, and phase diagrams
considerations [14, 37]. Among these factors, cooling rate
plays a central practical role. Figure 1a) illustrates the evo-
lution of critical cooling rates needed for MG formation us-
ing a time-temperature-transformation (TTT) diagram. Early
MGs in the 1960s (green curve) required extremely high cool-
ing rates (106 K/s), limiting samples to about 50 mm thick-
ness [38]. Mid-1970s alloys (blue curve) needed a reduced
critical rate of approximately 100 K/s, enabling thicknesses of

100–500 mm. By the 1990s, BMGs (purple curve) could be
produced at around 1 K/s, enabling castings with thicknesses
greater than 1 mm. The gray region indicates crystallization
under slower cooling, leading to the formation of crystalline
mixtures. The supercooled liquid (SCL) region corresponds
to a metastable state between the equilibrium liquid and the
glassy state, characterized by rapid temperature changes over
short time intervals [39].

Recently, there has been a growing interest in using ma-
chine learning models trained on experimental and simulation
data to predict the GFA of alloy compositions [40]. This paper
also discusses this research trend below.
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B. Thermal and mechanical history

Metallic glasses are non-equilibrium materials, and their
properties strongly depend both on how they are prepared and
their subsequent thermal and mechanical history. Factors such
as the cooling rate along with subsequent annealing and/or ap-
plied stress can significantly alter the thermodynamic, kinetic,
and mechanical properties of metallic glasses. Figure 1b) pro-
vides a schematic representation taken from Ref. [22] illus-
trating how different initial processing can give rise to glasses
with different initial energy states, labeled a, b, and c. Then,
subsequent exposure to combinations of stress and temper-
ature may cause the energy state to evolve over time into
higher (rejuvenated) or lower (relaxed) energy states. How-
ever, while these concepts are readily accepted, our ability
to precisely control the structure and properties of metallic
glasses via various processing methods remains an unsolved
challenge. Moreover, another important issue is physical ag-
ing, where even at ambient temperature the structure and prop-
erties of a metallic glass may change over time. This occurs,
in particular, for metallic glasses with glass transition temper-
atures close to room temperature, whereby rearrangements at
the atomic level can reduce free volume (the excess space in
the disordered atomic packing that allows atoms to move), re-
lieve residual stresses, and affect mechanical properties such
as hardness, ductility, and toughness. For practical appli-
cations, material performance must remain stable over time,
so understanding and controlling aging is critical for low Tg
metallic glasses.

C. Brittleness and Ductility

Many of the excellent mechanical properties of metallic
glasses, such as their near-theoretical strengths and high elas-
tic limits, are inherent traits related to their amorphous struc-
tures. However, high strength is not a valuable property for
engineering applications if it is accompanied by excessive
brittleness, a common problem for ceramics and crystals. In
terms of fracture toughness, metallic glasses can demonstrate
a wide range of behavior. Some metallic glasses are reported
to be among the toughest metallic materials [41], while oth-
ers are nearly as brittle as ceramic glasses, especially those
based on Fe, Mg, or rare earth elements and those that have
been heavily relaxed by annealing [2, 42]. Furthermore, even
metallic glasses that can demonstrate relatively good fracture
toughness, such as those based on Pd, Zr, or Ni, may exhibit a
wide range of toughness values that can be difficult to control
or predict. Figure 1c) shows an Ashby plot of yield strength
versus fracture toughness that illustrates this issue. Although
the metallic glasses shown in Fig. 1c) always exhibit excellent
yield strength as a result of their amorphous structures, a wide
range of fracture toughness values have been measured, even
for the same composition. The free volume and energy state
are known to be important factors in affecting fracture tough-
ness of metallic glasses [43, 44]. Besides, structural hetero-
geneity at different length-scales will also play a role, but its
impact as well as the roles or other structural features such as

short and medium range order are less understood [45]. Eluci-
dating the detailed processing-structure-property relationships
that control brittleness and ductility in metallic glasses is a
critical area for further research to enable metallic glasses to
achieve their full potential as structural materials.

D. Local structure and its influence on properties

A major barrier to developing improved structure-property
relationships for metallic glasses is the detailed character-
ization of atomic structures [46]. Unlike crystalline met-
als, which exhibit long-range atomic order and contain well-
defined crystalline defects such as dislocations and grain
boundaries that can be directly observed using various exper-
imental techniques, metallic glasses lack such ordered struc-
tures. Instead, they possess a disordered atomic arrangement
similar to that of a frozen liquid, with atoms packed in an
irregular, non-periodic manner, making the identification of
defects and local structures more challenging. However, they
also exhibit short- and medium-range order (SRO and MRO)
that affect their properties. Both simulations, such as molec-
ular dynamics (MD), and experimental techniques, such as
synchrotron or neutron scattering, transmission electron mi-
croscopy (TEM), etc., are used to study the atomic structure
of metallic glasses, but all have significant limitations. In
MD simulations, proper atomic potentials do not currently
exist to simulate the 4+ component metallic glasses compo-
sitions with interesting mechanical properties, and extending
the findings for binary systems to more complex metallic glass
compositions is not straightforward [47]. On the experimental
side, synchrotron or neutron scattering can get averaged sta-
tistical data for SRO and MRO sites, but struggle to character-
ize the details of the different local atomic arrangements that
contribute to the average scattering signal [48]. As shown in
Fig. 1d), TEM-based methods such as atomic electron tomog-
raphy show a remarkable ability in mapping the local atomic
arrangements. Yet, the broad applicability of this technique
has been limited to a few published results [24, 49]. Overall,
it is necessary to continue to develop advanced simulation and
experimental methods for revealing the local atomic structures
of metallic glasses to better understand how they influence the
mechanical and thermophysical properties, and better theoret-
ical descriptions of structure are also needed [46, 50].

E. Multiscale characterization

The behavior of metallic glasses depends on multiple
length-scales, from the local atomic structure (� 0:1 nm) to
the bulk scale relevant for real-world applications (� 1 cm),
as illustrated in Fig. 2. Different experimental methods, nu-
merical models, and machine learning techniques are applied
at these various length scales.

Atomic scale (� 0:1 nm): At this scale, the detailed shape
of the interatomic potentials is crucial, as it determines local
structural and compositional orders. Yet, this information is
not accessible in experiments. Hence, ab initio quantum me-
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FIG. 2. Multiscale characterization of metallic glasses. Overview of metallic glasses (MGs) from atomic to macroscopic dimensions. From
left to right: a) Atomic scale representation of a ZrCuAl MGs [51] from molecular dynamics simulations. b) Schematic of machine learning
predictions for MG trajectories, where t and t0 represent two different times. c) Schematic representation of elastoplastic models, in which
each lattice site represents a coarse-grained region containing a group of particles. d) Cross-section electron microscopy image of a MG thin
film produced with vapor deposition, showing nanostructured morphology, from Ref. [52]. e) Scanning electron micrographs of micron-sized
gas atomized MG powders, from Ref. [53]. f) Example of bulk MG samples from Ref. [13]. g) Soft-magnetic additive manufactured MG (via
laser podwer bed fusion) with internal complex geometries [54] (metamaterials). At the bottom: Popular modeling approaches (beige) and
manufacturing methods (light blue), are arranged according to the length scales at which they operate. Figures reproduced with permissions.

chanical calculations such as density functional theory (DFT)
have been performed [35]. Although DFT provides highly ac-
curate results, it is computationally extremely expensive [55].
To reduce costs, classical effective potentials fitted from ab
initio calculation are often used. A notable example is the em-
bedded atom model (EAM) [56]. Such models allow to study
thermodynamic, kinetic, and mechanical behaviors of metal-
lic glasses using molecular dynamics (MD) simulations. An
example of configuration for the ZrCuAl MGs [51] from MD
is reported in Fig. 2a), where different colors represent dif-
ferent atomic species. Even simpler models like the Lennard-
Jones potential can further reduce computational costs at the
expense of detailed microscopic interactions [57]. Machine
learning (ML) is particularly effective at this scale for devel-
oping accurate interatomic potentials derived from quantum
mechanical data, resulting in a new class of interaction poten-
tials that are termed Machine Learning Interatomic Potentials
(MLIP) [58]. Besides, ML techniques can predict or fore-
cast particle rearrangements that influence the kinetic and me-
chanical properties of metallic glasses based on static config-
urations [59, 60]. A sketch of ML prediction framework for
particle trajectories is reported in Fig. 2b).

Mesoscopic scale (� 1 nm - 1 mm): At this scale, local plas-
ticity and elasticity are key factors in determining the mechan-
ical behavior of metallic glasses [61]. Here, coarse-grained
and lattice-based models, commonly known as elastoplastic
models, are highly effective [62–69]. In these models, each
lattice site represents a mesoscopic block containing a group

of particles. This coarse-graining approach significantly re-
duces computational costs while retaining essential ingredi-
ents like elasticity and plasticity. As a result, it enables the
simulation of much larger length scales than molecular dy-
namics simulations can reach. A schematic representation of
elastoplastic models working principle is reported in Fig. 2c).
Experimentally, the mesoscopic regime corresponds mainly to
MG thin films with thicknesses ranging from a few nanome-
ters to tens of microns [70, 71]. Several vapor-phase and elec-
trochemical techniques have been developed to fabricate MG
at these sizes. One of the most widely used methods is phys-
ical vapor deposition (PVD), specifically magnetron sputter-
ing [72–76]. In this process, a MG target is bombarded with
energetic ions (typically argon plasma) that cause the ejection
of atoms or atomic clusters and subsequent deposition onto
a substrate where the MG thin film grows. Sputtering is a
versatile tool for exploring the amorphous phase space allow-
ing good control over film thickness, uniformity, and multi-
element composition. Moreover, due to the inherently high
quench rates and low surface mobility during deposition, sput-
tering often produces fully amorphous films even for compo-
sitions that would crystallize under slower cooling conditions.
An electron microscopy image of a MG thin film produced via
vapor deposition technique is shown in Fig. 2d). Another im-
portant technique is pulsed laser deposition (PLD), that uses
high-energy laser pulses to vaporize a material from a target,
forming a cloud of plasma that is deposited as an amorphous
film [77, 78]. It offers precise stoichiometry and is suitable
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for complex alloys. However, it has limited thickness unifor-
mity, low deposition rates, and poor scalability. Energetic par-
ticles can also damage the growing film. The electrodeposi-
tion method allows for fabrication of MG films and nanostruc-
tures via electrochemical reduction from of metal ions from
an electrolyte solution to a substrate [79–82]. The amorphiza-
tion is achieved by incorporating glass-forming elements (e.g.,
phosphorus or boron) via bath additives, together with tuning
parameters such as current density to suppress crystallization.
The chemistry of the bath determines the ratio of elements
deposited [79]. It is scalable and compatible with patterned
substrates, but has limited control over composition and is re-
stricted to a narrow range of alloy systems [83]. Thin films
fabricated by these described approaches are crucial experi-
mental platforms for probing the mesoscopic deformation be-
havior of metallic glasses. Such films are used for nanoinden-
tation, in situ Scanning Electron Microscopy (SEM) or Trans-
mission Electron Microscopy (TEM), and mechanical tests
experiments to study velocity-dependent plasticity and shear
bands. Importantly, the results for structural relaxation or het-
erogeneity found in films may not fully represent those of bulk
metallic glasses formed by conventional casting [71, 84, 85].

Sub-macroscopic scale (1 mm - 1 mm): At this scale, MGs
exhibit size-dependen mechanical behavior [86], influenced
by surface quality, internal heterogeneities, and deformation
instabilities [87], such as shear band formation and crack ini-
tiation [88]. Experimentally, this scale corresponds to MG
ribbons, powders and micropillars [17]. Ribbons are manu-
factured by melt spinning technique, where molten alloy is
ejected onto a fast spinning wheel for rapid cooling, produc-
ing amorphous thin strips about 20–100 mm thick [10]. Metal-
lic glass powders (Fig.2, panel e)) are made through gas at-
omization, where molten alloy is sprayed into gas to form
micron-sized spherical particles (10–200 mm), or mechani-
cal alloying, in which rough metal chunks are ground and
mixed in a high-energy mill [89]. Micropillars, tiny columns
(1–100 mm), are fabricated from bulk MGs or films using
focused ion beam (FIB) milling for compression tests [90].
This scale bridge the gap between nano-scale films (where
surface effects dominate) and bulk MGs (where internal het-
erogeneities prevail).

Macroscopic scale (1 mm – 1 cm and above): At this
scale, MGs are considered as bulk metallic glasses (BMGs)
and exhibit mechanical properties dominated by their inter-
nal structure, such as large-scale heterogeneities and resid-
ual stresses, with fracture patterns [91]. Experimentally, this
scale includes bulk MG samples produced through methods
such as arc melting, conventional casting, and injection mold-
ing, alongside additive manufacturing (AM). Arc melting in-
volves melting high purity metal species in an electric arc un-
der a controlled atmosphere. The liquid alloy, once mixed, is
rapidly poured into a copper mold, where it cools fast (rates
up to 102–103 K/s) to form an amorphous rod plate or rod (see
Fig. 2f)) , typically 1 mm to several cm thick [10]. Conven-
tional Casting is a basic method to manufacture BMGs pour-
ing the molten alloy into a mold (e.g., copper or steel), sim-
ilar to traditional metal casting, but with particular attention
to rapid cooling to maintain the amorphous structure. (1 mm

to cm scale), ideal for alloys with good glass-forming abil-
ity [88]. To obtain complex MG geometries and precision
shapes (as in the case of consumer electronics or medical de-
vices), the technique used is injection molding, whose funda-
mental difference from previous methods is that the liquid is
processed in its supercooling window, not at very high temper-
atures (consistency of e.g., honey). Subsequently, the super-
cooled liquid is injected at high pressure into a detailed mold
that rapidly cools it to solidify it into an amorphous part. Ad-
ditive manufacturing (AM), or three-dimensional (3D) print-
ing, has emerged as a transformative tool for manufactur-
ing MGs [92, 93]. By enabling localized rapid heating and
cooling, AM has opened pathways to bypass the high cool-
ing rate usually required for metallic glass formation. Un-
like conventional casting, which is constrained by the need
for rapid cooling rates (>103 K/s) to prevent crystallization,
AM processes achieve cooling rates of 104–107 K/s, enabling
the fabrication of large amorphous components [92]. This ca-
pability is particularly evident in processes like powder bed
fusion, where controlled thermal gradients allow the preser-
vation of the amorphous structure. This technology also al-
lows for the fabrication of intricate geometries, such as lat-
tices or metamaterials, that were previously unattainable us-
ing conventional manufacturing methods. Injection molding,
in fact, fills a mold all at once (subtractive/forming approach),
while AM builds the part gradually (additive approach). Ad-
vances in this field include the production of fully amorphous
or crystalline-amorphous composites, enabling the creation of
parts with customized microstructures and enhanced proper-
ties [94], reconciling scalability with high cooling rates. How-
ever, this progress is not without limitations. The ability to
achieve and maintain an amorphous structure during 3D print-
ing is highly dependent on the alloy system and its inher-
ent glass-forming ability [95]. Additionally, achieving amor-
phous structures with minimal defects requires precise control
of numerous parameters [96], that are often interdependent,
creating a complex parameter space that must be optimized to
balance thermal gradients, avoid defects such as porosity or
thermal cracking, and maintain the amorphous structure. For
the modeling side, continuum modeling of metallic glasses
aims to describe their mechanical behavior at scales much
larger than the atomic level by treating the material as a con-
tinuous medium. These models capture key features such as
shear band formation, plastic flow, and viscoplastic deforma-
tion by using constitutive laws that effectively incorporate the
disordered nature of the atomic structure.

The goal of this review paper is to summarize recent devel-
opments in metallic glass research, with a particular focus on
novel experimental techniques, additive manufacturing, com-
putational modeling, and machine learning applications, ad-
dressing the challenges outlined above. The manuscript is
organized as follows: Experimental breakthroughs in ther-
mophysical and mechanical property characterization in Sec-
tion II, Additive manufacturing (AM) processes in Section III,
Advancements in modeling techniques, from atomistic (Sec-
tion IV) to multi-scale simulations (Section V), and Integra-
tion of ML for predicting GFA and designing novel composi-
tions in Section VI. By highlighting these advances and their
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interconnections, we aim to present a comprehensive perspec-
tive on the future directions and challenges in Section VII.

II. RECENT EXPERIMENTAL ADVANCES

A. Thermophysical properties of the supercooled liquid phase

Modern multi-component bulk metallic glasses (BMG) are
much more stable with respect to crystallization when heated
into the supercooled liquid than the early metallic glasses.
Some BMGs can be heated 50 K up to 120 K above the glass
transition temperature Tg with 20 K/min before crystallization
sets in. That enabled experimental access of the deeply su-
percooled liquid state (SCL), allowing thermophysical prop-
erties of the supercooled liquid to be studied and connected
to the glass forming ability. Accurate temperature- and time-
dependent changes in enthalpy, viscosity and structure were
made possible to monitor by advanced methods such as chip
calorimetry, high-brilliance synchrotron X-ray scattering and
viscosity measurements via electrostatic levitation under mi-
crogravity conditions [21].

The understanding of the factors that influence the glass
forming ability (GFA) of metallic glasses is of great techno-
logical importance in itself. However, as explained above,
it remains one of the complex topics that are difficult to as-
sess both experimentally and computationally, and none of the
simple criteria proposed over the years has demonstrated uni-
versal applicability. The location of the nose in the time tem-
perature transformation (TTT) diagram, see panel a) of Fig. 3
[97, 98], defines the critical cooling rate of a melt necessary
to bypass crystallization and to transform it into a glass. The
GFA reflects the ability of the supercooled liquid to bypass
the “nose” for primary crystallization during the solidifica-
tion process and, thus, experimental investigations rely on the
measurement of TTT-diagrams [99]. With the emergence of
fast chip-calorimetry, one is able to access shorter and shorter
time scales near the nose and to fully detect isothermal TTT-
diagrams. The nucleation and growth theory can be applied
to describe the data and, depending on the BMG-forming sys-
tem, one observes that the glass formation can be promoted
by a low driving force for crystallization, slow crystallization
kinetics, a high interfacial energy between the liquid and the
crystalline phase, or any combination of these factors [100].
Calculation of phase diagram (CALPHAD) methods are ex-
pected to become valuable tools for significantly improving
the understanding of the GFA of bulk metallic glasses, as they
can provide the crystallization driving force of the first crys-
talline phase to appear in the supercooled liquid, and this in-
formation can be used to fit the experimentally determined
TTT diagram [101–103].

Recently, chip calorimetry studies of the glass transition
during cooling have challenged the generally accepted de-
scription of the mechanism for vitrification [104, 106]. In
the deep SCL state, the vitrification does not appear to be
triggered exclusively by the main structural (a) relaxation
process. It is observed to occur with a milder temperature
dependence than the a-relaxation, and it is accompanied by

a more pronounced decoupling between vitrification kinet-
ics and atomic mobility the slower the system is cooled, as
shown in panel (b) of Fig. 3. This is directly connected to
the activation energy spectrum for relaxation modes, imply-
ing multiple mechanisms for atomic diffusion. As a conse-
quence, the limiting fictive temperature, Tf , i.e., the temper-
ature at which a glass formed after cooling at a given rate
would be at equilibrium, is found to be lower than that ex-
pected by accounting only for the a-relaxation. Observation
of this so-called “Tg-depression” was also observed in other
glass forming systems [107]. In BMGs, this is of high impor-
tance because it is believed to be directly connected to the het-
erogeneity of cooperative atomic rearrangements; the slower
mechanisms for atomic mobility are responsible for delaying
vitrification to lower temperatures, even if those mechanisms
do not contribute to the a-relaxation process [104]. Recently,
it has also been observed that the apparent decoupling of the
timescales for vitrification kinetics from the time scales for
the a-relaxation process is more pronounced for small sample
sizes [106]. Moreover, during isothermal aging experiments at
temperatures much below the glass transition temperature, Tg,
multiple enthalpy relaxation decays towards the supercooled
liquid can be observed, see panel c) of Fig. 3 [105], which
again reflects the multi-component nature of BMGs as seen
above for vitrification. Multiple relaxation decays imply mul-
tiple mechanisms for atomic diffusion [108–111]. Especially
at low temperatures, where there are fewer active degrees of
freedom: some of the slower relaxation processes of the su-
percooled system may stay frozen while others, controlled by
smaller atoms, are active [109].

More information on the microscopic dynamics at differ-
ent length-scales has been gained by X-ray photon correlation
spectroscopy (XPCS), a synchrotron-based technique used ex-
tensively in the last decade to probe metallic glass-forming
liquids [105, 112–116]. This technique has revealed that the
dynamics are intermittent and highly heterogeneous during
low-temperature aging experiments, contrary to the common
assumption of a steady slowing down of the dynamics usually
observed in macroscopic studies [112, 113]. This is for ex-
ample shown in panel a) of Fig. 4, where a two-times plot is
reported. Each point at coordinates (t1, t2) in this plot corre-
sponds to the product of the scattered intensities measured at
those times, and the color-bar shows the range of values ob-
tained. In this plot, the thickness of the higher-intensity region
along the main diagonal corresponds to the relaxation time,
which then shows strong fluctuations during aging. Physical
aging seems also to be triggered by cooperative atomic rear-
rangements, driven by the relaxation of internal stresses [113].
During long-term annealing at low temperature the glass con-
figuration gets trapped in deep local energy minima where
the atomic dynamics are observed in XPCS to be stationary
and persistent (constant relaxation time) and physical aging
may occur intermittently, see panel b) of Fig. 4 [105]. Un-
derstanding the physical aging mechanism of glasses is not
only of general scientific interest [104, 117–123] but also of
great practical importance as BMG performances depend on
their annealing state. Aging, in fact, can cause severe embrit-
tlement and reduce the resistance of metallic glasses to frac-
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FIG. 3. Examples of thermophysical properties measured in bulk metallic glasses. a) Detection of a time temperature transformation (TTT)
diagram around the nose for crystallization is enabled by chip-calorimetry (FDSC, open squares) complementing standard calorimetry experi-
ments (DSC, pentagons and triangles) which only cover longer times. The combinations of these calorimetric techniques opens the possibility
of disentangling homogeneous and heterogeneous nucleation effects using appropriate models (yellow and green dashed lines). Figure re-
produced from Ref. [98] with open access CC BY license. b) Activation plot of a Au-based BMG showing a-relaxation time data obtained
by X-ray photon correlation spectroscopy (XPCS) and dynamic mechanical analyzer (DMA) and vitrification kinetics obtained using various
calorimetric approaches (DSC, FSC). The a-relaxation and the vitrification kinetics show a clear decoupling which becomes stronger at lower
temperatures. This decoupling is also dependent on the cooling rate (open diamonds). The dashed lines are fits to the data using the Vogel-
Fulcher-Tammann expression, and the dotted lines are fits using the Arrhenius ansatz. Figure reproduced with permissions from Ref. [104]. c)
Normalized enthalpy relaxation during physical aging at different temperatures, showing hierarchical decays. Figure reproduced with permis-
sions from Ref. [105].

ture and fatigue [43]. Studies of this issue are currently being
extended to a broader range of glass states, including those
characterized by faster relaxations. With the advent of mod-
ern detectors and more and more brilliant synchrotrons, the
temporal resolution in time-resolved diffraction studies has
improved tremendously, and it is now possible to study the
microscopic dynamics of glasses and supercooled liquids us-
ing XPCS over several orders of magnitude timescales and
in combination with other techniques, e.g., fast calorimetry
[124], or under extreme conditions like high pressure [116].

The possibility to probe the atomic dynamics across the
glass-transition has also provided a tool to study the connec-
tion between the kinetic fragility, thermodynamics and struc-
tural changes. According to the picture developed by Austen
Angell for glass-formers, BMG-forming liquids display kinet-
ics that are intermediate between network liquids that exhibit
Arrhenius kinetics, such as SiO2, and molecular liquids that
exhibit highly super-Arrhenius kinetics, such as o-terphenyl,
see panel c) of Fig. 4. Intuitively, this can be understood by
noting that the strength of metallic bonding, and in particu-
lar its temperature dependence, lies between that of strong
covalent bonds and weaker interactions such as hydrogen or
van der Waals bonds. The slowdown of the liquid kinetics in
BMG-formers is connected to a viscosity rise of many orders
of magnitude in a small temperature range. In the vicinity of
the glass transition temperature, this is related to an increase
in the activation energy for viscous flow, while interestingly
the structural features change only little. Recent synchrotron
X-ray results clearly show that the origin of the viscous slow-
down in deeply supercooled BMG-forming liquids is linked to
structural heterogeneities at the nanometer length scale, where

medium range order gets established. For strong liquids, the
medium range order is more persistent when heated above Tg.
In the Adam-Gibbs scenario [126, 127] this is connected with
a slower increase of the configurational entropy and a high
activation energy for cooperative rearrangements. A similar
scale of 1 nm is found for the cooperative length scale at
the glass transition by chip calorimetry using a step-response
analysis [104].

The study of the combined structural and dynamical prop-
erties of metallic liquids has also revealed new examples of
liquid-liquid transitions (LLTs). In fact, glass-forming liquids
with intermediate fragility may undergo a fragile-to-strong
LLT transition. Among these systems are water, Si, Ge, and
bulk metallic glasses. Viscosity measurements by levitating
oscillating droplets in an electrostatic levitator located either
on the ground or in a reduced-gravity aircraft during parabolic
flights suggest that these findings are universal to BMG form-
ing systems: in most metallic glass formers a kinetic crossover
from fragile-to-strong behavior occurs in the supercooled liq-
uid. Diffraction and XPCS measurements have proven that
LLTs in metallic glass-formers are connected to both a struc-
tural and a dynamic crossover [114], see panel d) and e) of
Fig. 4. In particular, panel d) shows a change of slope in
the temperature dependence of the a-relaxation time of the
Au49Cu26:9Si16:3Ag5:5Pd2:3 metallic glass former in the super-
cooled liquid phase. This change of slope, highlighted in the
insert, can be associated to a LLT between two liquids with
different fragility. This transition has also a structural signa-
ture measured by high-intensity X-ray diffraction, as shown in
panel e) of Fig. 4. In particular, the temperature dependence of
the inverse of the cube of the position of the first sharp diffrac-
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FIG. 4. a) Two-times autocorrelation functions measured by XPCS during low temperature aging of a BMG showing highly heterogeneous
intermittent aging dynamics indicative of a complex energy landscape. Figure reproduced with permission from Ref. [113]. b) Two-times
autocorrelation function showing heterogeneous aging behavior consisting of periods of stationary dynamics (labeled a and b) interconnected
with fast-motion events. Figure reproduced with permission from Re. [105]. c) Fragility plot of viscosity versus the Tg-scaled inverse tem-
perature for 14 metallic glass-formers, in comparison to SiO2 and o-terphenyl. The solid lines are the fits of equilibrium viscosity data to the
VFT-equation. Figure reproduced under CC-BY licence from Ref. [125]. d) Temperature dependence of the relaxation time t measured by
XPCS (circles) and DMA (triangles) in the Au49Cu26:9Si16:3Ag5:5Pd2:3 metallic glass former. The change in the slope of the experimental data
is associated to a liquid-liquid transition (highlighted in grey) between two liquids of different fragility. The inset is a zoom of the transition
range. e) The same LLT is measured by high-intensity X-ray diffraction applying the same thermal protocol used for the XPCS analysis in
panel d) (blue diamonds). The observable reported on the y-axis as a function of the temperature, [Qp(Tre f )=Qp(T )]3, is the inverse of the
cube of the position of the first sharp diffraction peak of the static structure factor normalized to that measured at Tre f =395.5 K, and is a proxy
of the volume. Note that this observable depends on the cooling rate: during continuous cooling with 1.5 K/min (green triangles), the LLT is
no longer visible. The grey dashed line is the standard behavior in absence of the LLT as shown by the green triangles. Figures reproduced
from Refs. [114] with permissions.

tion peak of the static structure factor normalized to that mea-
sured at Tre f =395.5 K, [Qp(Tre f )=Qp(T )] 3, is reported there.
This quantity is a proxy for the sample volume, and shows evi-
dence of the LLT when the sample is cooled applying the same
thermal protocol used for the XPCS analysis shown in panel
d) (blue diamonds). It is interesting that if continuous cooling
with 1.5 K/min is used instead (green triangles), the LLT is no
longer visible. The existence of different liquid phases is very
interesting for BMGs as it offers the possibility to both better
understand and possibly even control the structures appearing
in the glass by appropriate choice of the temperature at which
the liquid is quenched into the glass and of the quenching rate
used in the process.

B. Mechanical properties

The advent of modern multicomponent BMGs in the 1990s
enabled the characterization of a wide range of mechanical
properties due to the relatively large samples that could be
produced, and a wealth of mechanical property data has now
been collected for BMGs. This has revealed that mechanical
properties related to plastic deformation, e.g., hardness, com-
pression/bending ductility, fracture toughness, fatigue, etc.,

are highly sensitive to the processing methods and thermome-
chanical history of the BMG [2]. It is now generally accepted
that BMGs with low fictive temperature, which may be cre-
ated either by slow cooling from the melt or by relaxation via
sub-Tg annealing, become embrittled [43, 128]. Conversely,
BMGs that have been fast cooled into higher fictive tempera-
tures or rejuvenated into higher energy states are softer, with
enhanced ductility and toughness [22, 129]. This has led to ex-
tensive recent experimental advancements in improving duc-
tility and fracture toughness either by precisely controlling
fictive temperature (e.g., by thermoplastic forming [129]) or
by inducing structural rejuvenation by various methods such
as radiation [130], elastostatic compression [131, 132], cryo-
genic thermal cycling [44, 133, 134], high-pressure torsion
[135, 136], cold rolling [137–139], and mechanical imprint-
ing [140, 141].

A key remaining experimental challenge is to develop a de-
tailed description of the related processing-structure-property
relationships for BMGs. Further complicating this challenge
is that many processing and rejuvenation methods induce
highly heterogeneous glassy structures where the energy state
and local mechanical properties change over dimensions that
can be many micrometres, or even hundreds of micrometres,
in length scale [44, 131, 139–142]. Such heterogeneities are
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thought to further enhance ductility and toughness by promot-
ing shear band proliferations [44, 140, 141, 143], but make
it more difficult to create a three-dimensional picture of the
glassy nanostructural and microstructural features controling
the mechanical properties.

The development of processing-structure-property relation-
ships for crystalline metals is based on: 1) our understanding
of ordered lattice structures, which are measurable by diffrac-
tion methods, and 2) the direct observations of crystalline de-
fects visible by various microscopy and tomography methods.
While long-range order is absent in BMGs, the presence of
short and medium-range order (SRO and MRO) can be ob-
served using various diffraction methods such as synchrotron
X-ray diffraction, neutron diffraction, and nanobeam electron
diffraction. In particular, a powerful tool used in conjunction
with synchrotron studies is the electromagnetic [144] or elec-
trostatic levitation technique [145], by which liquid droplets
can be studied in-situ with respect to their structure during
undercooling all the way from the equilibrium liquid down
into the glassy state [146]. Overall, these studies show that,
while crystalline defects do not exist in BMGs, locally soft
spots (e.g., Eshelby-like inclusions) and regions surround-
ing clusters of close-packed atoms are responsible for initi-
ating inelastic atomic displacements in metallic glasses under
strain [65, 147–150]. Furthermore, by utilizing experimental
diffraction techniques, an understanding of how MRO within
the glass structure strongly influences the local plastic defor-
mation response has recently been obtained [45, 151–153].

In particular, nanobeam electron diffraction and fluctuation
electron microscopy studies have revealed a linear relation-
ship between decreasing local hardness with increasing MRO
cluster size (Fig. 5a) and volume fraction at the nanoscale for
various Zr-based and Ni-based BMGs [23, 45, 131]. While the
scaling of the relationship depends on the exact BMG com-
position, the measured linear relationship between hardness
and MRO is identical, even after using various rejuvenation
treatments to alter the overall distribution of hardness hetero-
geneities within the BMG microstructure [45, 131, 151]. In
other words, locations with identical measured hardness in
various rejuvenated and unrejuvenated samples had the same
MRO cluster size and volume fraction regardless of the sam-
ple processing history. Furthermore, a model of ductile phase
softening has been developed based on the concept that high
symmetry face centered cubic like (FCC-like) MRO clusters
act as soft spots within a harder matrix where icosahedral
structure is thought to dominate [45]. This represents a sig-
nificant step forward in using experimental measurements to
explain how prossessing induced changes to the glassy struc-
ture control the mechanical properties of BMGs.

Many recent experimental developments to look into the
structure of BMGs are based on the use of very bright X-ray
and electron sources, which poses the serious problem of the
effects of these beams on the materials under investigation.
For example, it is known that oxide and chalcogenide glasses
are modified, in terms of both atomic structure and dynamics,
by intense X-ray beams [155–157]. In particular, the X-ray
beam induces atomic displacements that lead to a rejuvena-
tion of the glass [157]. BMGs are generally considered to

be more forgiving in this regard, but it has recently been re-
ported in electron correlation microscopy experiments at 300
kV acceleration voltage an inverse relation between electron
dose rate and the characteristic time of the measured density
fluctuations in a Pd40Ni40P20 metallic glass [158]. This re-
sult clearly implies that, similarly to the X-ray case, intense
electron beams do induce measurable atomic displacements in
BMGs as well. This seems related to the rejuvenation process
that also metals undergo under heavy irradiation [130]. Re-
cent instrumentation developments coupling flash calorimetry
with the X-ray analogue of electron correlation microscopy,
i.e., X-ray photon correlation spectroscopy [159], and with
X-ray diffraction [124] are now able to provide calorimetric
information during the X-ray experiments, e.g., monitoring
glass-rejuvenation under X-ray exposure in real time, and thus
will contribute to better understand this issue.

Another ongoing experimental challenge is that, unlike for
crystalline materials, there is only a limited experimental abil-
ity to create a three-dimensional picture of atomic positions in
BMGs. This has hindered the ability to develop theories or
computational models of the deformation process outside the
binary systems (e.g., Zr-Cu) that can be accurately modeled
from first principles. Furthermore, most experimental studies
have measured MRO using single scalar quantities (size, vol-
ume fraction) that do not distinguish between different types
of MRO that may affect mechanical properties differently,
e.g., FCC-like versus icosahedral-like order. Recently, an ex-
perimental breakthrough in this regard has been achieved us-
ing atomic electron tomography to reveal a three-dimensional
picture of the atomic arrangements inside individual SRO and
MRO clusters in partially amorphous nanoparticles and thin
films [24, 49]. Such results have been able to resolve the
detailed sizes and distribution of four different crystal-like
MRO types (FCC, body centered cubic (BCC), simple cubic
(SC), and hexagonal close packed (HCP)) in eight-component
partially amorphous nanoparticles (see Fig. 1d)) with no ob-
served icosahedra [24]. Further studies using this technique
on monatomic amorphous Ta and Pd have revealed that their
MRO comprises mainly pentagonal bipyramid networks with
a lesser amount of icosahedra [49]. Combined, these re-
sults suggest high symmetry crystal-like MRO may be more
prevalent in multicomponent metallic glasses compared to
monoatomic ones, which would help explain their favorable
mechanical properties.

The role of short range order (SRO), medium range or-
der (MRO) and cluster connection emerges clearly in recent
studies of the interesting family of (Pd,Pt)-Cu-Ni-P alloys
[160]. This family includes Pd42.5Cu30Ni7.5P20, which is the
best glass former of all BMG with a critical casting thick-
ness of 80 mm [161]. By variation of the Pd to Pt ratio in
the (Pd,Pt)42.5Cu27Ni9.5P21 alloy, changes in SRO and MRO
can be tracked. The Pd-rich alloys are dominated by icosahe-
dral SRO whereas the Pt- rich alloy shows pronounced MRO
dominated by trigonal prisms. In addition, the Pt-rich alloy
shows a much more pronounced amount of three atom con-
nections between adjacent clusters that are quantitatively as-
sociated with a decreased strain rate sensitivity during nano-
indentation and with a brittle behavior of the Pd-rich alloys
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FIG. 5. a) Linear correlation between medium range order (MRO) cluster size and local hardness measured for two different BMG com-
positions. The correlation between hardness and MRO was maintained even after the hardness was altered by cryogenic thermal cycling,
high pressure torsion, or cold rolling and a similar linear correlation was found between hardness and MRO volume fraction. Inset shows a
schematic of an MRO cluster acting as a nucleus for a shear transformation zone. Figure reprinted from Ref. [45] with permission from Else-
vier. b)-e) Direct observations of shear band birth, propagation, and arrest visualized by the von Mises strains. From b) to c) the progressive
extension of shear band I is observed with increasing strain along with the nucleation and arrest of shear band II while d) and e) give a higher
magnification view of the regions within the black rectangles. Figure reproduced from Ref. [154] with open access CC BY license.

[162]. The change from ductile to brittle fracture is also re-
flected in the decrease of residual enthalpy and free volume
as the liquid freezes in at the glass transition with increasing
Pd content reducing the amount of shear transformation zones
(STZs) in the alloy [163], where STZ is a small cluster of
atoms in an amorphous solid that undergoes cooperative re-
arrangement under stress, serving as the basic unit of plastic
deformation [164]. Moreover, aging (structural relaxation) in
(Pd,Pt)-based alloys leads to an increase in three-atom con-
nections, which is accompanied by embrittlement and a re-
duction in volume. A similar link between structural changes
and aging-induced embrittlement has also been reported in
the well-known Zr-based alloy Vit105 [165]. Samples with
a progressively lower fictive temperature exhibit a lower en-
thalpic state, coupled with a reduced amount of free volume,
which is responsible for a continuous embrittlement. High-
Energy X-ray Diffraction (HEXRD) experiments again reveal
a correlation between the increase in rigid three-atom clus-
ter connections with the reduction in the fracture strain, as a
measure of ductility, indicating a strong correlation with the
thermal history. While the atomic connections seem to have a
crucial contribution to the ductility, changes of the short- and
medium-range order seem to be equally important in this case
as well.

Overall, the collective body of evidence using various tech-
niques suggests that crystal-like, e.g., FCC, HCP, BCC, or SC,
clusters and polyhedral clusters, e.g., icosahedral and pentag-
onal bipyramids, should be expected to co-exist in various ra-
tios for different metallic glasses [24, 45, 49, 166, 167]. Un-
fortunately, so far, atomic electron tomography has been lim-

ited to the analysis of thin films and nanoparticles and thus
the distribution of MRO types in bulk samples of well-studied
BMG compositions has not yet been measured. Thus, while
great progress has been made in the ability to experimentally
assess MRO and its relationship to plastic deformation, there
is still a tremendous amount of research that needs to be done
in this area to fully understand the structure-property relation-
ships that control the mechanical behavior of BMGs.

Another recent methodological breakthrough in the nanos-
tructural characterization of BMGs has been achieved via
atom probe tomography, by which researchers are now able to
observe nanoscale solute clustering in multicomponent BMGs
[168]. This approach allows for the characterization and
quantification of the three-dimensional distribution, chemi-
cal composition, and volume fraction of nanoscale solute-
rich clusters in samples extracted from any BMG, i.e., un-
like atomic electron tomography this approach is not limited
to thin film and nanoparticle samples. In addition, correla-
tions have been found between the size and volume fraction
of the solute-rich clusters and the local hardness in two Zr-
based BMGs, with both BMGs becoming softer with more
solute-rich clustering [168]. However, the drawback of atom
probe tomography is that the topological SRO or MRO of the
solute-rich clusters, if any, cannot be directly measured. Thus,
while the trends in mechanical behavior with MRO clusters
[45, 131, 151] and solute-rich clustering [168] appear simi-
lar, there is still considerable work to be done to establish the
full three-dimensional atomic structure of metallic glasses and
the detailed relationships between topological ordering, solute
clustering, free volume, and mechanical behavior.
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Considering free volume, shear transformation zones
(STZs), and shear bands to be the deformation carriers in
BMGs, there is still no ability to observe them “in action” like
crystalline deformation carriers, e.g., dislocations, twins, and
stress-induced martensitic transformations, in situ in a trans-
mission electron microscope (TEM). In this regard, recent ad-
vances have used digital image correlation and in situ load-
ing experiments in a high-resolution scanning electron micro-
scope (SEM) to measure local strains during initiation, propa-
gation, or arrest of shear bands (Figs. 5b)-e) in a metallic glass
thin film [154]. Such experimental advances have enabled the
development of a continuum mechanical formulation to accu-
rately describe shear band behavior in metallic glasses. The
combined experiments and theory suggest that shear bands
generally propagate in a progressive manner, and that observa-
tions of structural changes and heating are the consequence of
dissipated energy from the plastic deformation process [154].

While novel approaches to directly observe the effects of
STZs, such as their displacement and stress fields, are still
under development, an indirect route to probe STZs in bulk
metallic glasses (BMGs) has been found in the study of the
so-called b -relaxation. This is also known as Johari-Goldstein
relaxation [169], which branches off the a-relaxation in the
deeply-supercooled liquid phase, and is the only relaxation
process active in the glass. Therefore, it is probably not sur-
prising that it plays an important role in a number of relevant
mechanical properties, as, for instance, the plastic response of
the material [170]. In BMGs, it has been mainly character-
ized via dynamical mechanical analysis [171] and, more re-
cently, differential scanning calorimetry [172, 173]. The ob-
servation that the potential energy barrier involved in STZs
matches the activation energy of the b -relaxation [171] estab-
lishes a strong connection between shear transformation zones
and the quasi-local regions in the glass matrix where the b -
relaxation is active. This clearly suggests the possibility of
studying STZs via the analysis of the b -relaxation in BMGs.
In fact, STZs and b -relaxations seem to reflect the mechanical
properties of BMGs in a very similar way [170]. While these
studies cannot of course provide a tool to look at the STZs in
action, they establish an interesting connection between two
fundamental aspects of the physics of glasses, i.e., deforma-
tion mechanisms and relaxation dynamics [170].

III. ADDITIVE MANUFACTURING

A. Motivation and process overview

Industrial applications of metallic glasses have tradition-
ally been limited by issues such as poor machinability and
small critical casting dimensions required to achieve an amor-
phous structure [2, 17]. However, over the last decade, addi-
tive manufacturing (AM) processes have overcome these is-
sues, and are able to produce amorphous metallic structures
with few constraints on dimensions or geometric complexity
[92, 175, 176]. Importantly, additive manufacturing has been
successfully applied for numerous alloys with both high and
low GFA, including systems based on zirconium [177, 178],

titanium [179, 180], copper [181], nickel [182, 183] and iron
[54, 184, 185]. Powder Bed Fusion (PBF) is the most pop-
ular method for 3D printing metallic glasses. It is a family
of AM processes that exploit an energy source to selectively
melt fine metallic powder of the target composition, layer by
layer, to produce three-dimensional structures. Depending on
the type of source and fusion mechanisms, PBF can be dis-
tinguished into laser-based PBF or electron beam-based PBF.
Laser-based PBF is the dominant method for additively manu-
facturing MGs, as it allows precise control of laser parameters
to achieve high cooling rates (typically 103–107 K/s), essential
for maintaining the amorphous structure and supporting vari-
ous MG compositions. It comprises subgroups such as laser
powder bed fusion (LPBF), which is essentially synonymous
with selective laser melting (SLM) in metallic contexts, focus-
ing on complete fusion for high-density results. In this review,
we focus on LPBF processes [186], given their prevalence in
MG manufacturing, highlighting challenges, parameter opti-
mization, mechanical properties, and applications in the fol-
lowing sub-sections. Figure 6a) schematically illustrates the
LPBF process.

The LPBF process occurs in a controlled, inert atmosphere
(e.g. argon or vacuum) to minimize oxidation and contami-
nation. It begins with the deposit of a thin layer of powder
(20–100 mm, e.g., Zr-based MG particles have a typical size
of 15–63 mm [53]) on a building plate. Then, a laser scans and
fully melts selected regions according to a predefined pattern,
forming molten pools that solidify rapidly. Afterwards, the
plate lowers to allow a new layer of powder to be added until
the process is complete. Despite the advantages of 3D printing
to manufacture MGs, several processing challenges remain,
primarily due to the thermal cycles inherent in the layer-by-
layer fusion protocol. A key issue that might arise is crys-
tallization [187, 188] that compromises the mechanical prop-
erties [94]. It occurs mainly in the so-called heat-affected
zone (HAZ), the region near the molten pool subjected to high
temperatures without fully melting, due to repeated reheating
from successive layers. This reheating exposes the metastable
amorphous structure to temperatures above the glass transi-
tion but below melting, allowing cumulative time for nucle-
ation and growth of crystals over multiple thermal cycles,
as governed by time-temperature-transformation kinetics. In
addition, cracks often form, caused by rapid thermal gradi-
ents and contraction during solidification, particularly in low-
toughness MGs, and can be influenced by microstructural het-
erogeneity [92, 189]. Another issue is porosity, which mainly
arises from gas entrapment in the molten pools or incomplete
powder fusion, and results in voids that act as stress concen-
trators and reduce density [189, 190]. Similarly, lack of fusion
defects can occur when there is insufficient molten material
to fill the spaces between particles or layers. This is mainly
due to a suboptimal energy supplied by the laser to locally
melt the powder, resulting in weak bonding between layers,
and anisotropic properties [191]. Figure 6b) shows the mi-
crostructure of a 3D printed Fe-based MG [174] with amor-
phous regions, pores, and cracks.

Due to the metastable nature of metallic glasses, several
strategies are needed to overcome the challenges of AM. We
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FIG. 6. Laser-based additive manufacturing (3D printing) of metallic glasses: working principle and microstructure. a) Schematic diagram
of the laser powder bed fusion (LPBF) process. The laser power is directed onto the powder bed, forming a molten pool with an underlying
heat-affected zone (HAZ), where thermal effects from reheating might induce microstructural response, such as devitrification. An adjacent
prior melt track is shown, with the hatch spacing indicated between the tracks. b) SLM Fe-MG microstructure showing amorphous regions,
pores, and cracks. Figure adapted from [174], CC BY 4.0.

classify these into systemic approaches, which modify or im-
prove the AM process through external tools or innovative
strategies, without altering the fundamental parameters of the
machine, and process-centric approaches, which focus on op-
timizing the intrinsic LPBF parameters themselves.

Systemic approaches encompass broader improvements, in-
cluding advanced scanning techniques, remelting methods, in-
situ monitoring, and alloy design. Optimized scanning tech-
niques mitigate thermal stresses [192]. Chessboard scanning,
for instance, separates layers into alternating squares for even
heat distribution and reduced stresses, while random scan-
ning randomizes paths to homogenize gradients and minimize
anisotropy. Compared to concentric scanning, which uses cir-
cular paths and risks pore accumulation and high gradients
due to overlaps, chessboard and random approaches are more
effective for MGs, reducing cracks in Fe-based alloys by up
to 70% through stress relief [193]. Remelting methods such
as dual-laser remelting involve an initial melting followed by
a second passage to refine microstructures and reduce defects
such as porosity or crystallization [191]. In-situ monitoring
improves control through real-time thermal imaging and feed-
back systems that adjust parameters to maintain cooling rates
above critical thresholds for amorphicity, using sensors such
as near-infrared cameras to detect anomalies in the molten
pool and predict defects [194]. Finally, alloy design involves
selecting suitable material compositions, adding elements that
can improve the GFA and therefore printability, preventing de-
trification. Novel routes to discover MG compositions with
high GFA are discussed in Section VI.

Process-centric approaches are discussed in detail in the
next paragraph. Their aim is to optimize machine parameters
for better control of the molten pool and minimization of de-
fects (e.g., porosity and crystallization) [53, 195].

B. Processing parameters and trade-offs

Achieving a fully amorphous structure in LPBF-fabricated
MGs requires careful optimization of processing parameters,
including laser power P, scanning speed v, hatch spacing h,
and layer thickness t, which determine the laser energy den-
sity E = P

v�h�t [196]. Typical ranges for MG processing include
laser power of 50–400 W, scanning speeds of 500–6000 mm/s,
hatch spacing of 50–150 mm, and layer thickness of 20–50mm
[53, 195].

A trade-off arises between the amorphous phase content
and the density of the produced material. High laser energy
densities in the LPBF processes increase material density,
but lead simultaneously to rapid devitrification in the heat-
affected zone (HAZ), which reduces the amorphous phase
content. As demonstrated by Ouyang et al. [95], crystalliza-
tion primarily occurs as a result of repeated heating within the
HAZ, and the printability of certain alloys is determined by
their resistance to devitrification under rapid heating and cool-
ing cycles. In contrast, low laser energy densities more eas-
ily achieve an amorphous structure but also increase porosity,
which is detrimental to the mechanical properties. Overcom-
ing this “dense-amorphous” trade-off is a well documented
challenge in the metallic glass additive manufacturing litera-
ture as illustrated in Fig. 7. The green cells in Fig. 7a) indicate
that a fully amorphous structure, as measured by laboratory X-
ray diffractometry, can be achieved over a wide range of laser
powers and scanning speeds. However, as the laser energy
density decreases in the upper right corner, although the sam-
ples are still fully amorphous, there is no longer enough laser
energy to fully fuse the particles, leading to the large amounts
of lack of fusion defects. Nonetheless, for good glass formers,
a wide range of LPBF process parameters can be used to give
a range of mechanical properties, as will be discussed in the
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FIG. 7. a) The classic tradeoff of amorphicity versus density is illustrated for a Zr59:3Cu28:8Nb1:5Al10:4 MG fabricated by laser powder bed
fusion. Green cells indicate fully amorphous samples for various laser powers and scan speeds, with the relative density and laser energy
values given in each cell. b) Microhardness maps (0.6 mm� 0.6 mm) for fully dense LPBF-fabricated Zr 59:3Cu28:8Nb1:5Al10:4 MG samples,
along with the corresponding laser power and scan speed. The average hardness values (HV) are indicated below each hardness map, while
the color outline indicates the measured XRD amorphicity. Figures reproduced from Ref. [53] with open access CC BY license.

next sub-section.
Environmental factors, such as oxygen content in the pow-

der and the build chamber, can also affect the final structure
and properties of additive manufactured BMG samples. El-
evated oxygen levels (>500 ppm) in the final printed sam-
ples can increase brittleness and promote crystallization in
Zr-based BMGs, narrowing the dense-amorphous processing
window [53, 178, 197, 198]. However, it has yet to be deter-
mined how important the role of oxygen will be for BMGs
with less affinity for oxygen uptake, such as those based on
nickel [182, 183] and iron [54, 184, 185].

Powder-related factors also influence AM of metallic
glasses. Finer particles can improve packing density, layer
uniformity, and feature resolution, but they risk oxidation and,
in reactive systems, ignition. Spherical particles with a nar-
row size distribution are desired to achieve uniform spreading
of powder. Temperature parameters are also important. A
moderate preheating of the chamber and/or build plate (typi-
cally tens to a few hundred � C) can reduce thermal gradients
and residual stress. In general, there is a wide range of pro-
cessing parameters that can be altered in the LPBF process.
While the dense-amorphous trade-off will always be a con-
cern for BMGs, high-GFA materials are able to avoid crys-
tallization while achieving full density over broader ranges of
process parameters than poor glass formers [53, 195, 199].
This gives more options for balancing other factors such as
residual stresses and mechanical properties.

C. Mechanical properties

LPBF fabricated BMGs often have lower reported strength,
ductility, and/or fracture toughness values compared to BMG
castings of the same composition [53, 178, 179, 192, 197,
198, 200]. Reduced ductility and fracture toughness can be

a significant problem since these are usually limiting proper-
ties for using BMGs in engineering applications [2, 41, 201].
Fracture toughness in particular, is used as an engineering
design parameter, and precracked fracture toughness values
have been reported in the range of 24-38 MPa

p
m for LPBF

produced Zr-based BMGs [53, 198, 200]. While these val-
ues are competitive with some crystalline engineering al-
loys (e.g., tool steels, high strength aluminum alloys, etc.),
they are much lower than what has been reported for many
cast BMG samples which can range well over 100 MPa

p
m

[41, 44, 134, 198, 200, 202, 203].

The systematic evolution of the mechanical properties of
produced LPBF samples with respect to machine parameters
such as laser power and scan speed is addressed in [53]. Fig-
ure 7b) shows representative Vickers hardness maps and aver-
age hardness values. Higher laser heat input tends to relax the
layers underneath the melt pool, increasing the strength and
hardness while decreasing the relaxation enthalpy, ductility,
and fracture toughness. As the laser energy density increases
towards the lower left corner, the samples become progres-
sively harder due to structural relaxation of the heat-affected
zones until eventually the heat input becomes so great that
crystallization begins to occur. As expected, the softest sam-
ples exhibit the best compression ductility and fracture tough-
ness values up to 6% and 38 MPa

p
m, respectively [53]. Fur-

thermore, softer samples show larger FCC-like medium range
order clusters within the amorphous structure [53], which is
in agreement with studies of conventionally processed BMG
samples [45, 151].

As mentioned above, enhanced oxygen content introduced
from the powders is thought to contribute to embrittling LPBF
fabricated BMGs relative to cast materials [53, 178, 179,
197, 198, 200]. However, lowering the oxygen level by four
times in the BMG with composition Zr59:3Cu28:8Nb1:5Al10:4
was only able to increase the fracture toughness from 25 to
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38 MPa
p

m [53], which suggests that other factors are im-
portant in affecting the toughness of LPBF fabricated BMGs.
Furthermore, the use of powder in the LPBF process means
that minimum oxygen levels will generally be higher than for
cast samples. This motivates the development of other meth-
ods for enhancing the mechanical properties of LPBF fabri-
cated BMGs.

Opportunities to improve mechanical properties arise from
designing and manufacturing multiphase MG matrix compos-
ite systems using mixed powders [204] and/or by in-situ crys-
tallization. As MGs are brittle amorphous alloys, the idea is
to intentionally introduce ductile toughening sites dispersed
within the glassy matrix. This is achieved by selectively con-
trolling the melting during LPBF: by optimizing parameters
like laser power and scan speed, high-melting-temperature re-
inforcements (e.g., particles or precipitates) remain unmelted.
For instance, in Ta-reinforced Zr-based MGs, when LPBF
parameters are optimized to keep Ta unmelted during fabri-
cation, a ductile-phase-reinforced composite with enhanced
compressive ductility and toughness is achieved [205]. This
toughening is particularly useful for brittle Fe-based BMGs,
where adding Cu or CuNi particles enables crack-free LPBF
samples with improved strength and ductility [206].

Alternatively, LPBF can promote in-situ crystallization dur-
ing fabrication. For carefully designed BMG compositions
that crystallize into ductile phases, increasing laser energy
density can encourage crystallization in heat-affected zones,
yielding mechanical enhancements, as shown with Cu50Zr50
powders [207]. More complex microstructures can also
emerge from mixed elemental powders that fully melt into
a homogeneous liquid but phase-separate in the supercooled
state, generating ductile phases in both melt pools and heat-
affected zones, as demonstrated in the Ti-Zr-Cu system [208].
Finally, laser rescanning strategies can be employed to crystal-
lize BMG samples at selected locations during a second laser
scan to give intricately patterned composite structures [188].
Although this rescanning technique has so far produced only
brittle crystals, combining it with strategies for ductile-phase
crystallization could enable BMG matrix composites with ex-
ceptional mechanical performance.

D. Emerging laser powder bed fusion applications

In this subsection, we describe some applications of LPBF
additive manufactured MGs. In the following, we categorize
them into different types and discuss future perspectives.

Mechanical applications — The combination of high
strength and high elastic deformation of MGs [209] offers
potential for applications in cellular structures and com-
pliant mechanisms. Cellular structures, such as lattices or
mechanical metamaterials [210], are lightweight structures
possessing a complex internal geometry that endows them
with outstanding mechanical properties. The fabrication
of cellular structures made of AM-MGs results in superior
mechanical performances that are ideal for aerospace, energy
absorption, and medical fields. A seminal work by Wegner
et al. [211], demonstrates that Zr-based MGs manufactured

in honeycomb structures (see Fig. 8a)), shows improved
quasi-plastic behavior under compression, and strength
outperforming the crystalline counterparts. The honeycombs
show elastic elongations up to 2% and improved energy
absorption, which is attributed to cell buckling. Cellular
MG structures are also promising candidates for compliant
mechanisms. Compliant mechanisms rely on the elastic
flexibility of a material and geometry to achieve complex
movements [16]. Traditional materials have limited motion
due to low elastic limits, but AM metallic glasses unlock
enhanced performance [212]. In a recent study [213] a Zr-
based BMG was printed in a compliant mechanism inspired
by forceps (see Fig. 8b)). This designed structure is able to
achieve a rotational elastic motion increase of about 300%
compared to Ti6Al4V, with yield strengths approaching 2 GPa
and elastic limits of 2%, overcoming casting limitations. In a
subsequent work [214], Cu-Ti-Zr-Ni BMGs were successfully
manufactured, achieving bending strengths up to 2.5 GPa,
and surpassing many Zr-based AM MGs. Fracture toughness
was the key to minimize cracks, with implications for robust
compliant mechanisms.

FIG. 8. First examples of intricate fully amorphous structures fab-
ricated by laser powder bed fusion with Zr59:3Cu28:8Nb1:5Al10:4
BMG. a) Honeycomb structures. Figure reproduced from Ref. [211]
with permissions. b) Compliant forceps. Figure reproduced from
Ref. [213] under CC BY-NC-ND license.

Soft magnetic applications — Soft magnetic materials
have a significant role in improving the energy efficiency of
energy conversion devices [215]. This is because they help
reduce energy losses when the magnetic field changes. Much
of this loss comes from hysteresis, which depends on how
easily the magnetic domains of the material can switch. To
address this, efforts are made to design materials with low
magneto-crystalline anisotropy energy, in order to facilitate
domain switching and reduce losses, improving overall
efficiency. Beyond conventional steels, amorphous alloys
offer distinct advantages [216]. Additive manufacturing
of MGs, especially Fe-based ones, has transformed soft
magnetic applications by enabling the fabrication of complex
geometries with low coercivity (thanks to the intrinsic
absence of magneto-crystalline anisotropy due to the amor-
phous structure) [217, 218] and high magnetization [219].
This results in a reduction of core losses in devices such
as transformers, sensors, and electric motors [16]. Recent
progress includes the production of complex soft magnetic
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parts for motors, such as stators and rotors [54, 220, 221].
Specifically, SLM technique has been used to produce a
large-scale amorphous rotor from an Fe-Si-Cr-B-C powder
alloy [54], achieving record dimensions (see Fig. 2g)). The
complex internal geometry is designed to efficiently channel
magnetic flux. Characterization using synchrotron XRD,
calorimetry, SEM, TEM, and magnetic testing reveals a pre-
dominantly amorphous structure with partial crystallization
in the molten pools, leading to anisotropic magnetization.
The work highlights the potential of SLM to overcome the
limitations of melting for BMGs in electric motor applica-
tions, underscoring sustainability thanks to the abundance of
elements and the reduction of waste. In another study [220]
the LPBF processability of a Fe-Si-B-Nb-Cu alloy using
a pulsed laser, and varying laser power and scan speed, is
explored. Samples achieved good density and dimensional
accuracy, but exhibited crystalline/amorphous composites.
The crystalline regions are made of fine grains with random
orientations. The magnetic properties show similar saturation
magnetization to amorphous ribbons but higher coercivity,
inversely correlated with amorphous fraction and grain size.
Nanograined crystalline regions with random orientations
and lack-of-fusion pores/cracks along crystalline/amorphous
interfaces were found in another work [221]. The saturation
magnetization and coercivity were found to be inversely
related to the amorphous fraction, with coercivity rising due
to crystallization. It is anticipated that soft magnetic BMG
components will be produced and commercialized once
Fe-based metallic glass compositions are developed with
sufficient glass forming ability to be fabricated with a fully
amorphous structure using appropriate AM strategies for
LPBF.

Other applications — In addition to mechanical and
soft magnetic applications, AM of MGs has emerged as
a transformative approach for biomedical applications,
enabling the fabrication of complex implants and scaffolds
with enhanced biocompatibility, mechanical and corrosion
resistant properties [222]. Zr-based MGs and Zr-Cu-Fe-
Al-Ag alloys, produced via selective laser melting, exhibit
almost full amorphous structures, high strength, low Young’s
modulus, superior corrosion and wear resistance in simulated
body fluids. Furthermore these MGs show excellent cell
proliferation support and antibacterial effects [178, 223–225].
Porous Zr-based BMG scaffolds can mimic bone tissue, pro-
moting osteointegration and reducing stress shielding [223].
Ti-based and Mg-based MGs further expand applications,
with Ti alloys offering compatibility with magnetic resonance
imaging and Mg systems providing biodegradability for
temporary scaffolds in tissue engineering [20, 225]. Despite
the difficult challenges of partial crystallization and brit-
tleness in AM, advances in powder bed laser melting and
surface modifications promise customized medical devices,
bridging the gap between high-performance amorphous
materials and clinical needs [187]. For catalytic applications,
3D-printed hierarchical porous MG structures based on
Zr or Fe, improve electrocatalytic performance for CO2
reduction and wastewater treatment, offering high surface

area, stability, and efficiency thanks to tunable amorphous
phases [226–229]. Recent developments in chemically
complex MGs via AM further expand catalytic uses in fuel
cells and hydrogen production, overcoming size limitations of
traditional casting methods [230, 231]. Such advancements
promise scalable, multifunctional components for sustainable
energy and environmental catalysis.

IV. NANOSCALE MODELING

The purpose of modeling is to be able to understand and
predict how the properties of MGs depend on their compo-
sition and processing conditions in the form of thermal and
mechanical history. In this review paper, we consider model-
ing referring to different levels of detail, starting on the atomic
scale and moving upwards to higher length scales. This sec-
tion focuses on modeling at nanoscale. A major challenge
in metallic glasses, as in many areas of materials science, is
to understand how bulk thermodynamic and mechanical be-
haviors emerge from local structure and composition. These
properties are ultimately determined by atomistic interaction
potentials, which describe how atoms interact with each other.
At the nanoscale, computational modeling plays a crucial
role by providing detailed information on these interactions,
atomic positions, and chemical compositions.

A. Three categories

Nanoscale computer simulations can be broadly catego-
rized into three main types.

i) First-principles (ab initio) methods: These methods cal-
culate the interaction energy and forces between atoms di-
rectly from fundamental physics, specifically by solving equa-
tions based on the electronic structure of atoms. The most
common approach is density functional theory (DFT), which
approximates the quantum mechanical behavior of electrons
in a material [232]. Since ab initio methods do not rely on
fitting parameters, they are very accurate and provide deep in-
sights into atomic interactions [233]. However, because these
calculations require solving complex equations for each atom,
they are computationally expensive. This limits the number
of atoms that can be simulated (typically a few hundred) and
the timescale of the simulations (usually only picoseconds or
nanoseconds). Despite these limitations, ab initio methods
are essential for understanding fundamental properties, such
as how atoms bond or diffusion processes [234], defect mod-
eling [235, 236], and how electronic structures influence ma-
terial behavior [237–239].

ii) Semi-empirical potentials: These methods aim to strike
a balance between accuracy and computational efficiency. In-
stead of calculating interactions from first principles, semi-
empirical potentials use a combination of theoretical calcu-
lations and experimental data to create effective interaction
models [240]. One widely used example is the embedded
atom model (EAM), which considers not just direct pairwise
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interactions but also how an atom’s local environment influ-
ences its behavior [56, 241]. This makes it much more accu-
rate than simple pair potentials (see below) while being signif-
icantly faster than ab initio methods. Because semi-empirical
potentials can simulate thousands to millions of atoms over
much longer timescales (microseconds or even milliseconds),
they are useful for studying bulk properties addressing ther-
modynamics, glass forming ability, vibrational properties, and
mechanical response of metallic systems. However, their ac-
curacy depends on how well they are parameterized, meaning
they may not always generalize well to new materials with-
out careful tuning, which opens the scope for the accurate and
transferable interatomic potential models designing via ma-
chine learning approaches [242–244].

iii) Simpler pair potential models: The simplest way to
model atomic interactions is to assume that each atom in-
teracts with its neighbors only through basic pairwise forces.
These models ignore many complexities of real materials but
can still capture essential glassy behavior. Examples include
the Kob-Andersen (KA) model [245], which was designed to
mimic the structure and dynamics of metallic glasses such
as Ni80P20, and the Wahnström model [246], which repre-
sents binary Lennard-Jones systems that can approximate al-
loys like Mg-Zn, Cu-Zr, and Pd-Si. Because these models use
simple mathematical functions (such as the Lennard-Jones po-
tential) to describe interactions, they require very little compu-
tational power. This allows researchers to simulate extremely
large systems and long timescales [247], making them ideal
for studying fundamental aspects of glass formation, relax-
ation, and mechanical responses. While these models do not
capture the full complexity of real metallic glasses (i.e., role
of electronic or magnetic effects), they are valuable for test-
ing theoretical ideas and exploring general trends in glassy
dynamics.

The following subsections describe in detail the three cate-
gories mentioned here, reflecting the trade-off between accu-
rately describing metallic glasses and the computational cost
of larger and longer simulations.

B. Electronic Structure Insights from First-Principles
Methods

Understanding the nature of metallic glasses requires care-
ful examination of their electronic structure, as it directly in-
fluences several key material properties, including magnetic,
mechanical, and thermodynamic behavior [248–251].

The most widely used method for probing electronic struc-
ture is Density Functional Theory (DFT). DFT is a quantum-
mechanical approach that allows for calculation of the ground-
state properties of many-electron systems, relying on electron
density rather than the many-electron wavefunction. It has be-
come a cornerstone of modern materials science due to its bal-
ance of accuracy and computational efficiency. In the study of
metallic glasses, DFT has proven to accurately capture bond-
ing, magnetism, and thermodynamic stability, and it plays an
increasingly important role in guiding and accelerating exper-
imental research.

One of the defining features of metallic glasses is their lack
of long-range atomic order, which has a significant impact
on their magnetic properties. Despite the structural disorder,
DFT has been successfully employed to theoretically analyze
these systems. For instance, the elemental contributions to
magnetism can be quantified through the electronic density
of states (DOS), particularly by examining the asymmetry in
spin-up and spin-down electron populations [248–250].

Attempts have also been made to link local structure with
magnetic behavior. A noteworthy example is provided in
Ref. [250], which reveals a correlation between the number
of perfect icosahedra and the saturation magnetization in an
amorphous Fe-Co-P-C alloy.

DFT has also been instrumental in studying bonding char-
acteristics and atomic-level stability in metallic glasses. For
example, bonding strength and covalent character were ana-
lyzed in the Co-B and La-B systems using DFT [248]. Sim-
ilarly, Ref. [252] provided a systematic analysis of chemi-
cal bonds within stable clusters in the Zr-Cu system. These
insights are not only relevant to understanding local atomic
structure, but they also aid in identifying glasses with de-
sirable mechanical properties. A notable study by Evertz
et al. [251] demonstrated that DFT can be used to identify
damage-tolerant and stiff metallic glasses by correlating me-
chanical behavior with bond energy density, providing a the-
oretical foundation for materials design.

To study thermodynamic properties, especially glass-
forming ability (GFA), ab initio molecular dynamics
(AIMD), a DFT-based simulation technique, has been widely
used [248, 253]. AIMD is particularly valuable because it cap-
tures many-body interactions without requiring predefined in-
teratomic potentials [251]. However, the high computational
cost of DFT imposes limitations on system size and simu-
lation timescales. Consequently, AIMD studies often suffer
from unrealistically high cooling rates, which can limit their
predictive value.

C. Machine-Learning Interatomic Potentials

While density functional theory (DFT) provides highly ac-
curate insights into bonding, electronic structure, and thermo-
dynamics, its high computational cost limits its applicability
to small system sizes and short timescales. This becomes
particularly restrictive when studying disordered systems like
metallic glasses, which require large-scale simulations to cap-
ture structural heterogeneity and long-timescale dynamics.

To overcome these limitations, the materials science com-
munity has increasingly adopted machine learning methods
to design and train accurate machine-learning interatomic po-
tentials (MLIPs) [254–260]. MLIPs are trained to datasets
generated by DFT calculations and can replicate DFT to high
accuracy, in the best case approaching the numerical accu-
racy of the DFT calculations they are trained to. Once trained,
MLIPs can be used in large-scale classical molecular dynam-
ics simulations at a fraction of the computational cost of DFT.
Alternatively, MLIPs can be trained and used on-the-fly to
speed up and extend the time scales of ab initio MD simu-
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lations [261]
The key differences between MLIPs and traditional ab

initio simulation approaches or classical interatomic poten-
tials lie in how atomic interactions are evaluated. In DFT-
based simulations, forces and energies are computed from the
electronic structure obtained by self-consistently solving the
Kohn-Sham equations [232] at each time step, which is com-
putationally expensive and scales poorly with system size. In
interatomic potentials the total energy is decomposed into lo-
cal atomic energies, which are computed as a function of the
local bonding environment. This locality assumption with
a finite interaction range leads to linear scaling with system
size, making large-scale simulations possible. In classical in-
teratomic potentials, the energy function of the local atomic
environment is a simple one, depending on variables such
as interatomic distance, bond angles, and coordination num-
bers [262–264] along with a handful parameters that are fit-
ted to material properties from experiments or ab initio cal-
culations. MLIPs are also local energy models, but instead of
simple analytical functions they employ advanced regression
models, such as artificial neural networks, linear regression,
Gaussian process regression, or other forms of nonlinear re-
gression [255–257, 259]. Most MLIPs rely on well-designed
symmetrized descriptors that encode the local atomic environ-
ments into vectors that form the independent variables of the
regression model. MLIPs are trained by optimizing the (typi-
cally large number of) parameters of the regression model to a
large database of atomic structures of the given material, with
corresponding total energies, forces, and possible other quan-
tities computed by DFT or other ab initio methods.

The development of MLIPs for metallic glasses is still
emerging, but several successful examples have recently been
reported. These include potentials for Pd-Cu-Ni-P [266], Zr–
Rh [267], and Zr–Cu [268] systems, as well as for Zr–Cu clus-
ters [252]. A recent study [265] introduces a novel and effi-
cient methodology for training MLIPs on the CuZrAl ternary
system, uniquely using a Lennard-Jones surrogate model for
amorphous structure, a dataset generated by swap Monte
Carlo sampling (see the next subsection) across an unprece-
dented 14 decades of supercooling, far beyond conventional
MD capabilities, followed by minimal single-point DFT cor-
rections for accuracy. This surrogate-based approach signifi-
cantly reduces the need for large DFT datasets, a key novelty
in handling the rugged energy landscapes of disordered MGs,
which require vast configurations for robust training. The re-
sulting MLIP accurately reproduces experimental data (e.g.,
radial distribution functions, shear viscosity, elastic moduli)
and improves the Embedded Atom Method (EAM) classic
potential in fidelity to DFT benchmarks for dynamical (e.g.,
shear viscosity), energetic (e.g., supercooling energies) prop-
erties. This is illustrated in Fig. 9a) that compares relaxed
energies vs cooling rate (log scale in K/ps) for conventional
MD (black crosses, limited to �10 �1 to 10�5 ) and swap MC
(blue squares, extending to �10 �14 ), with a dashed line, and
Fig. 9b) shows the linear correlation of instantaneous liq-
uid energies vs LJ surrogate parameter e(LJ)=eZr;Zr for effi-
cient DFT mapping, while panel c) plots MLIP (blue points,
slope=0.95) and EAM (green points, slope=1.28) energies vs.

FIG. 9. Supercooling extension and machine learning interatomic
potential (MLIP) accuracy in CuZrAl MG [265]. a) Relaxed energies
per atom vs cooling rate (log scale in K/ps) for conventional MD
(black crosses) and swap MC (blue squares), spanning 14 decades.
The vertical blue line marks the onset of the supercooled regime.
b) Swap MC energies vs LJ surrogate parameter e(LJ)=eZr;Zr. The
timescales for the swap MC are marked with the extrapolated energy-
logarithmic behavior. c) MLIP (blue, slope=0.95) and EAM (green,
slope=1.28) energies vs DFT, showing MLIP better alignment.

DFT, highlighting that MLIP aligns more closely with DFT
than EAM for different supercooling. These efforts demon-
strate that MLIPs are becoming a valuable tool for bridging
the gap between quantum-level accuracy and the length and
time scales required to model realistic glassy systems.

D. Efficient molecular simulation techniques

This subsection mainly focuses on molecular dynamics
(MD) simulations with classical potentials [269]. Although
MD simulations provide valuable insight into the kinetic, ther-
modynamic, and mechanical behavior of materials, from an
atomistic point of view, they still have limitations in terms
of accessible time and length scales, compared with labora-
tory experiments. This is a common issue in nearly all sci-
entific and engineering fields that use MD simulations. Yet,
for metallic glasses, the timescale limitation is particularly
critical, because glasses are non-equilibrium materials whose
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properties depend on how they are prepared, especially the
cooling rate [270]. Slower cooling leads to deeper annealing,
resulting in more stable glasses with improved kinetic and me-
chanical properties. Currently, typical molecular simulations
can reach a timescale of about a microsecond, although the
longest conventional MD simulations performed have been
milliseconds long [271, 272]. In contrast, laboratory exper-
iments can anneal glasses over much longer timescales, often
around 100 seconds or more [273]. (Note that the conven-
tional definition of the kinetic glass transition temperature is
the temperature at which the relaxation time reaches 100 sec-
onds.) This means that MD simulation timescales are approx-
imately 8 orders of magnitude shorter than those in real exper-
iments. As a result, the cooling rates used in simulations can
be about 108-105 times larger than in actual laboratory con-
ditions. Hence, the kinetic, thermodynamic, and mechanical
properties of glasses studied in simulations may differ signif-
icantly from those observed in real experiments [270].

To better understand this gap, we provide a pedagogical ar-
gument by translating the relaxation time into viscosity, as
the two are proportional in viscoelastic materials. A mate-
rial with a relaxation time of about 10�5 seconds (typical MD
timescale) has a viscosity similar to soft materials, e.g., peanut
butter cream [274]. This suggests that most molecular sim-
ulations aiming to study the properties of glasses are actu-
ally examining materials with stability comparable to peanut
butter cream, rather than glasses seen in various real applica-
tions. For example, the mechanical yielding behavior of such
a computational glass exhibits a ductile response, similar to
soft matter systems like colloids. This contrasts sharply with
real glasses (e.g., metallic glasses, silica glasses), which un-
dergo abrupt brittle failure.

In short, molecular dynamics simulations of glasses face a
major challenge due to their limited timescale, which signifi-
cantly affects the properties they can accurately capture. The
glass formation process involves extremely long timescales
due to the dramatic slowing down of relaxation dynamics.
This very nature of glasses makes simulations difficult and
complicates direct comparisons with experiments. To address
this fundamental problem, various approaches and computa-
tional algorithms have been proposed.

One approach is to use graphics processing units (GPUs)
for molecular dynamics simulations with carefully optimized
parallelization. Compared to conventional CPU-based simu-
lations, GPU-accelerated simulations are much faster. Typi-
cally, they achieve a speedup of one to two orders of mag-
nitude compared with standard CPU simulations, allowing
for correspondingly slower cooling rates or longer simulation
timescales [275, 276].

Another approach to tackle the timescale problem involves
accelerating the relaxation process in simulations. This is
typically done using Monte Carlo (MC) simulations [269],
which aim to sample configurations in thermal equilibrium
under a given condition. This approach takes advantage of
the fact that Monte Carlo algorithms allow the use of unphys-
ical dynamics (say, non-Newtonian dynamics), meaning that
the system does not have to evolve in real physical time. Care-
fully designed unphysical dynamics (or Monte Carlo updates)

can accelerate relaxation, leading to more annealed and aged
glassy configurations. By construction, Monte Carlo simula-
tions are mainly aimed at preparing stable, well-annealed con-
figurations, rather than directly studying the dynamical and
mechanical properties of the system. Once stable configura-
tions are generated, various other simulation techniques, such
as molecular dynamics (MD) with physical dynamics, are em-
ployed to investigate the system’s properties [277, 278].

A well-known example is the replica exchange method
(also known as parallel tempering) [279–283]. In this method,
multiple replicas (or copies) of the system are simulated at
different temperatures simultaneously. These copies are then
exchanged using a Monte Carlo rule to ensure that they sat-
isfy thermal equilibrium conditions. This effectively creates
a random walk in temperature space, allowing the system
to overcome large energy barriers through these temperature
swaps. The design of this algorithm is particularly well-suited
for glassy systems, where relaxation is extremely slow due
to a rugged energy landscape, a feature also found in spin
glasses, where this algorithm was originally developed. In-
deed, replica exchange algorithms can accelerate simulations
by reducing an effective relaxation time [284], enabling the
generation of more annealed glass samples. However, despite
this improvement, a huge timescale gap between experiments
and simulations still remains.

Recently, particle-swap Monte Carlo simulations have
gained a lot of attention as they significantly accelerate simu-
lations for sampling, helping to bridge the gap between exper-
iments and simulations for some model systems [285]. The
swap Monte Carlo algorithm is conceptually simple. In addi-
tion to the standard random particle displacement used in con-
ventional MC simulations, one performs an additional non-
local move associated with swapping sizes of two randomly
chosen particles (this may equivalent to swapping species
or positions in some settings). This process is illustrated
schematically in Fig. 10(a). Although the algorithm itself has
a long history [286–290], the seminal work by Ninarello et
al. [285] has shown that optimizing both the model and the
algorithm can speed up equilibration in a class of systems by
more than 10 orders of magnitude compared to conventional
MC methods. This discovery has been a major breakthrough
in the glass physics community [291–293].

However, this swap Monte Carlo algorithm is not gener-
ically applicable to all molecular simulation model glasses.
The reason is that swapping species may lead to a large energy
cost, making swap moves unlikely to be accepted (imagine
swapping very big and very small particles). The first signifi-
cant breakthrough was achieved for models with size polydis-
persity [285], where particle diameters are continuously dis-
tributed. In such models, swap moves are frequently accepted.

More recently, this method has been extended to discrete
mixtures [294, 295], which are more relevant to metallic
glasses. A key innovation in this approach is the addition of
medium-sized particles, which facilitates indirect swapping
between larger and smaller particles. This is illustrated in
Fig. 10(a). Direct swapping between larger and smaller par-
ticles is prohibited due to the very high energy cost, as men-
tioned above. Yet, medium-sized particles can swap with both
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FIG. 10. Swap Monte Carlo method. a) Schematic illustration of
the swap Monte Carlo algorithm. The straight arrow (pointing in one
direction) represents a standard random Monte Carlo translational
update. The curved arrows connecting two particles indicate a swap
Monte Carlo update. b) Non-affine displacement field for a compu-
tational glass annealed using a standard simulation of the original
Kob-Andersen mixture. c) Non-affine displacement field for a glass
annealed using the swap Monte Carlo algorithm applied to a Kob-
Andersen mixture doped with 1% medium-sized particles. (From
Ref. [294]).

larger and smaller particles. This enables an indirect swap-
ping mechanism, where a sequential swap process involving
medium-sized particles effectively allows the system to ex-
change larger and smaller particles. The efficiency of the
swap Monte Carlo algorithm improves as the concentration
of the medium-size particles increases [294]. Moreover, the
addition of medium-sized particles can be seen as a doping
manipulation, similar to experimental techniques often used
to tune and optimize material properties. For example, in the
Kob-Andersen (KA) model, doping with a small amount of
medium-sized particles, e.g., 1% and 10%, resulted in simula-
tion speedups (in terms of CPU time) of 3 and 8 orders of mag-
nitude, respectively [294]. Figures 10b),c) compare the me-
chanical response under uniform shear deformation for com-
putational glasses annealed using the standard Monte Carlo
algorithm (which includes only translational updates) for the
Kob-Andersen mixture b) and those annealed using the swap
Monte Carlo algorithm for the Kob-Andersen mixture doped
with 1% medium-sized particles c) [294]. The former exhibits
gradual deformation with a diffuse shear localization, resem-
bling ductile materials such as colloids. In contrast, the latter
shows an abrupt emergence of a sharp, system-spanning shear
band, similar to metallic glasses observed in laboratory exper-
iments.

E. Plasticity, shearband formation

The mechanical properties of metallic glasses from an
atomistic perspective have been extensively investigated using
molecular dynamics (MD) simulations. In typical protocols,
gradually cooled glass samples are subjected to external shear
deformation under periodic boundary conditions, mimicking
bulk samples in experiments [270]. The simulated systems
usually contain up to about 100,000 particles, which is still
much smaller than experimental scales. Nevertheless, MD
simulations provide atomistic-level insights into how metal-
lic glasses respond to external loading and how local struc-
tures determined by interaction potentials and chemical com-
position influence bulk properties. In addition, several stud-
ies have employed open-boundary simulations to model axial
compression [296] and nanoindentation protocols [297], rele-
vant to nanoscale experimental conditions.

Besides, the flexibility of molecular dynamics simulations
makes it possible to investigate more complex processes, such
as exploring the underlying energy landscape and its connec-
tion to elementary thermo-mechanical processes [270, 298–
301]. This perspective provides a unifying framework to link
atomistic rearrangements with macroscopic mechanical re-
sponse.

Despite their limited size and timescale, MD simulations
have revealed that plastic deformation in metallic glasses
arises through localized irreversible rearrangements that ac-
commodate external stresses [65]. These localized plastic
events generate long-range elastic stress fields, which may
be evaluated within the framework of linear elasticity the-
ory [302]. These long-range stress fields can in turn trig-
ger further plastic events. Such cascades of correlated rear-
rangements form avalanches [303]. Under sufficiently large
loading, an avalanche can span the entire system, lead-
ing to macroscopic failure, commonly referred to as yield-
ing [304, 305]. Yielding in metallic glasses is often accom-
panied by system-spanning shear localization, known as a
shear band [306, 307]. Understanding how microscopic prop-
erties, including local structural features, influence not only
localized plasticity but also the initiation and growth of bulk
shear bands is therefore a subject of paramount importance.
Remarkably, the above mentioned phenomenologies are ro-
bust against variations in composition and interaction poten-
tials. Specific model details primarily influence quantitative
aspects, such as elastic constants and yield stress values, rather
than the qualitative deformation mechanisms, which will be
discussed further in Sec V. Key aspects that will be discussed
in the following include the dependence on glass preparation
protocols, the identification of structurally soft regions (“soft
spots”), the mechanism of the shear band formation, and the
influence of loading conditions.

Glass preparation protocol dependence: A key and often
undesirable feature of metallic glasses is their brittleness, i.e.,
the tendency of the material to fail abruptly under load [308].
Such behavior severely limits practical applications. Un-
derstanding the mechanisms that control the transition from
brittle to ductile yielding therefore represents a major chal-
lenge for wider community [309]. In particular, the influ-
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ence of annealing and cooling rate on mechanical response
has been a subject of central interest [277, 306, 310–314].
Most conventional MD simulations, however, tend to exhibit
predominantly ductile yielding, largely due to the limited ac-
cessible timescales for annealing. Recent advances in sim-
ulation algorithms, such as swap Monte Carlo, now enable
the preparation of glasses over a much broader range of an-
nealing conditions, thereby covering both brittle and ductile
regimes [277, 312, 315–318] (see also Fig. 10). Remarkably,
a brittle-to-ductile transition can be induced solely by vary-
ing the annealing protocol for a given material, while keeping
composition and interaction potential fixed. This finding high-
lights the crucial role of local structural packing efficiency,
which is directly controlled by the annealing process. Recent
studies have shown that slow oscillatory (or cyclic) shear de-
formation with smaller amplitudes can induce an annealing
effect, even under conditions where thermal contributions are
negligible, while large-amplitude oscillations lead instead to
rejuvenation [319, 320] (see also below). The degree of an-
nealing across which the character of yielding changes, in the
case of the cyclic shear protocol, has been argued to be asso-
ciated with a change in the character of the energy landscape
[313]. This threshold energy level, marked by the vanishing
of saddle points in the energy landscape, and in turn associ-
ated with the mode coupling crossover [321, 322], suggests an
interesting connection between yielding phenomenology and
relaxation in the supercooled liquid state.

Identification of soft spots: Unlike crystalline materials,
where defects can be identified unambiguously, glasses gen-
erally lack obvious structural inhomogeneities (except in par-
tially crystallized samples). As a result, it is not straightfor-
ward to determine, from static snapshots alone, where plas-
tic activity will occur under loading. Nevertheless, exten-
sive studies over the past decades have demonstrated the ex-
istence of structurally “soft” spots [323, 324], where plastic
rearrangements are most likely to take place. A variety of ap-
proaches have been proposed to identify such regions [59],
including vibrational mode analysis [323, 325], non-linear
excitation protocols [326], local packing [327], free-volume-
like approaches [328], local yield threshold [329], topological
defect detection [330], and more recently, machine-learning-
based methods [331–333]. A structural metric, termed soft-
ness, has been evaluated both using machine learning ap-
proaches [331] and directly from the pair correlation func-
tion [334, 335]. By construction, soft spots or soft regions
are those most prone to undergo local deformation in the
near future. Accordingly, the predictive power of different
approaches for identifying soft spots has been systematically
evaluated, often through correlation metrics with subsequent
plastic activity [59].

Closely related, but perhaps the complementary perspec-
tive, is the identification of recurrent local packing motifs,
known as locally favored structures (LFS) [336–338]. These
structures, such as efficiently packed icosahedral clusters, are
typically more stable and less mobile under cooling or exter-
nal loading [324, 339]. The prevalence and nature of LFS
depend strongly on chemical composition and interaction po-
tentials. An important direction for current research lies in

connecting LFS (or conversely, locally unfavored structures)
with other soft-spot identification methods [65], especially
since LFS can now be directly probed in experiments [24].
Equally important will be efforts in relating the findings from
ML and analysis of LFS to theoretically derived softness met-
rics [334].

Shear band formation mechanism: As discussed above,
yielding in metallic glasses is typically accompanied by the
formation of a system-spanning shear band [340]. At the
microscopic level, amorphous materials respond to external
loading through localized plastic events. These events redis-
tribute stress, which can trigger further events in an avalanche-
like manner. Shear banding can thus be viewed as an
avalanche process with strong directional localization. Molec-
ular dynamics simulations have provided detailed insight into
this process, in particular into how initial plastic activity, often
concentrated in structurally soft regions (sometimes referred
to as shear-band embryos), develops into a fully formed shear
band [341–343]. The nucleation and subsequent propagation
of these embryos into system-spanning shear bands can be
directly visualized in simulations. It has been revealed that
system-spanning shear bands emerge through the alignment
of Eshelby-like quadrupolar stress fields [344, 345]. Local
plastic rearrangements generate such fields, and their repeated
propagation along a preferred direction results in the accumu-
lation of large displacements at macroscopic scales [343].

At the level of localized plastic events, both expert-
designed structural descriptors and machine-learning models
have been employed to predict where rearrangements will oc-
cur, as we discussed in detail above. Extending this challenge,
predicting the nucleation sites and growth of shear bands has
also been attempted, with some success achieved in a statis-
tical sense [346, 347]. Understanding shear-band formation
from a microscopic perspective is expected to provide im-
portant clues for controlling their development in real mate-
rials and, ultimately, for tuning the ductility of bulk metallic
glasses.

Loading condition dependence: The majority of MD stud-
ies investigate strain-controlled, uniformly sheared systems.
Because the shear rates in MD are typically much higher than
in laboratory experiments [270], athermal quasi-static (AQS)
simulations [303] are often employed to better approximate
experimentally relevant conditions. Importantly, yielding be-
havior is not determined solely by material properties but is
also strongly influenced by the choice of loading protocol.
For instance, in strain-controlled simulations, increasing the
strain rate often leads to more ductile-like mechanical re-
sponses, since rapid loading can suppress system-spanning
localization, even in very well-annealed glasses [317, 348].
In addition, stress-controlled simulations provide direct ac-
cess to creep deformation [349–351], which is highly rele-
vant for practical applications. As we have mentioned briefly,
cyclic shear (as well as other related) protocols have been ex-
tensively explored [313, 314, 319, 320, 352–358]. As noted
earlier, the degree of annealing in glasses plays a critical
role in determining the nature of yielding. Beyond a cer-
tain threshold in energy, the yielding response undergoes a
qualitative change, switching from brittle-like to ductile-like
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behavior [313, 314]. Under cyclic shear, yielding is always
associated with the formation of shear bands, unlike uniform
shear protocols [313, 320, 358]. These deformation protocols
enable the study of fatigue failure under oscillatory loading
[356–358], which are directly connected to the reliability and
long-term performance of metallic glass-based products. In-
triguing results from recent simulations [356–358] suggest the
possibility of predicting failure times from monitoring dissi-
pated work (as well as other measures of plasticity), which
may be of great value in assessing performance of metallic
glass-based products.

V. MULTI-SCALE MODELING

A. Mesoscale modeling

Mesoscale modeling of metallic glasses has relied primar-
ily on lattice based models in which deformation is assumed
to happen at evenly distributed sites based on an underlying
deterministic or statistical description. A general and com-
prehensive review was recently published in this area [359],
and so our goal here is to highlight subsequent significant
advances. There have emerged two main research priorities
driving the development and analysis of mesoscale models of
glasses: better capturing the transition from quasi-elastic be-
havior to steady-state flow, and creating more sophisticated
models that incorporate structural information and the thermal
history of the material. Both of these are crucial for mesoscale
models to accurately predict the mechanical behavior of the
material during transient deformation, before steady state flow
begins. While efforts to address these gaps typically focus on
using structural information to inform predictions of materi-
als’ response at an atomistic scale, the way such information
is incorporated has been largely distinct between the commu-
nities that focus on these two aspects of the problem.

Mesoscale models have provided insights toward under-
standing and predicting the transition point between ductil-
ity and brittle catastrophic failure in MGs. Atomistic sim-
ulations have also extensively been deployed to study the
effect of strain rate and glass preparation on these behav-
iors [348, 360, 361]. Well-annealed materials often undergo
abrupt failure with a pronounced stress drop accompanying
shear banding, while poorly annealed materials undergo a
smooth crossover. This transition in response is strain rate
dependent. From analyses of mesoscale elastoplastic mod-
els, it has been hypothesized that the transition in yielding be-
havior is governed by an underlying critical point [277, 362].
Their work suggests that the critical point is related to the
universality class of a random field Ising model, which sug-
gests that the difference between the two yielding behaviors
constitutes a true phase transition. Both atomistic simulations
and mesoscale elastoplastic models, ranging from analytically
solvable mean-field theories to finite-dimensional implemen-
tations [277, 312, 362–366], have been employed to support
this conclusion, although the very existence of such a critical
point is still debated [367–369].

Barlow et al. [367] describe the yielding behavior of amor-

phous materials subjected to shear forces as a function of in-
creasing levels of initial sample annealing prior to shearing.
In the systems subjected to annealing at elevated temperature
for extended periods, they see a progression from smooth duc-
tile yielding to abrupt brittle yielding which is strongly shear
banded. This work appears to predict smooth transitions from
brittle to ductile behaviors in contrast to mean field calcula-
tions [277, 363, 365, 370] that suggest that a random criti-
cal point and a sharp transition. This difference might arise
from finite size effects of the simulations, or fundamental dif-
ferences between the models pointing toward the importance
of bridging the gaps between model scales and better under-
standing the limits of mean-field models [362, 368, 369].

In the case of cyclic shear deformation, a qualitative change
in yielding behavior has been observed in MD simulations
[313, 314], as a function of the degree of annealing. However,
a key difference is that under cyclic shear, shear band forma-
tion always accompanies yielding. Although the shear band
width is small for poorly annealed glasses, it remains finite
[313] even when the system size increases, scaling with the
system size [371]. Several aspects of the cyclic shear yielding
behavior are captured by theoretical models including compu-
tationally investigated elasto-plastic models [372–378]. Nev-
ertheless, statements regarding the finiteness of the shear band
width, and its significance, are not fully clear. Whereas ana-
lytical results (e.g., [374]) seem to suggest that the shear band
width goes to zero at the threshold degree of annealing, com-
putational results [376, 378] indicate otherwise.

Transition graph theory is deployed using elastoplastic
modeling in Ref. [377] to obtain additional insights regard-
ing yielding under cyclic loading, by determining the number
of cycles that separate distinct structural states. The authors
characterize plastic strain as a function of quench to deter-
mine the conditions upon which cyclic shear can revert the
system to a prior state. Once this is no longer the case the
system is said to have undergone an irreversibility transition.
This transition depends on system size and the prior aging of
glass.

Elasto-plastic models also show promise for describing the
behavior of MGs in the transient region before the onset of
steady-state flow. Liu et al. [379] deploy mesoscale elasto-
plastic models to describe the transient dynamics of amor-
phous materials in athermal regimes. This study provides
insight into the nature of the slowing (creep) and speeding
up (fluidization) of the strain rate. Within the framework of
the models two time scales arise from different underlying
physical processes: the stress distribution around the marginal
stability threshold, the nature of the subsequent plastic acti-
vations, and the resulting spatial cooperativity of the plastic
events. Castellanos et al. [380] extend elasto-plastic mod-
els of glasses beyond capturing the physics of stationary flow
states to describe the mechanical response in the transient
regime for a wide range of initial system and degrees of sta-
bility. The model is calibrated from local atomistic data ex-
tracted from glasses produced at various quench rates via sim-
ulation. The evolution of slip thresholds are based on a statis-
tical model of local plastic strain increments.

Establishing a clear link between the many parameters in
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constitutive models to the underlying physics is a grand chal-
lenge in the field of glass mechanics. Xiao et al. [381]
have deployed the structural quantity of softness, which is
machine-learned and correlates with imminent plastic rear-
rangement, as a framework with which to quantify glass struc-
ture. Softness has been shown to correlate with local yield
strain (see Fig. 11). Within this framework a structuro-elasto-
plastic model was developed that reproduces particle simu-
lation results well. The connection to underlying atomistic
structural information of the material helps bridge the gap be-
tween atomistic modeling and mesoscale modeling.

Recent work by Xu et al. [382] presents a direct-from-data
modeling approach for elasto-plastic models. Instead of fit-
ting parameters to atomistic data to create a meso-scale model,
this approach harvests a large statistical database of elasto-
plastic events from glasses with different thermal histories.
This database is utilized to construct a stochastic represen-
tation in two state variables: the shear stress and the intrinsic
potential energy that encodes the stored energy of cold work.
This meso-scale model can then be interpreted as a dynami-
cal map that shows how an MG with a given thermal history
and will traverse the state space. This map provides a win-
dow into the dynamical state of the glass through the defor-
mation process, from the initial elastic or anelastic behaviors,
to yielding, and finally to steady-state flow. This novel ap-
proach to meso-scale modeling opens a new pathway to gen-
erating descriptive models of materials by taking advantage of
the large amount of data that can be generated with simulation
and high-performance computing.

B. Continuum modeling

Continuum models of MG have primarily been built on two
different plasticity theories, the free volume theory and the
shear transformation zone (STZ) theory. Free volume pur-
ports to quantify the excess space among atoms that allows
atomic movement in a material and is closely related to den-
sity. Spaepen [384] introduced the concept of free volume
as a fundamental aspect of flow defects, emphasizing its sig-
nificance in enabling atomic diffusion and plastic shear flow.
Cohen and Turnbull [385, 386] assumes that free volume is
a natural descriptor of the structure of metallic glasses, and
use it to develop a flow defect theory. Johnson, Lu, and
Demetriou [387] extended the free volume-based theory to
describe deformation and flow at high homologous tempera-
tures. Free-volume based theories have turned out to be useful
despite the challenge of rigorously defining free volume.

Building on the theories, Anand and Su [388, 389] formu-
lated a free volume based constitutive model for BMGs based
on the Mohr-Coulomb theory. The model takes into account
both shearing and dilatation mechanism for plastic flow. The
model has been successful in accurately capturing the defor-
mation of BMGs in different loading scenarios, such as in-
dentation and strip bending. The original work uses explicit
time stepping scheme, where the time step size is restric-
tively small. Tandaiya et al. [390] reformulated and imple-
mented their model with an implicit backward Euler numer-

FIG. 11. At top, a schematic illustration of the Structuro-elasto-
plasticity (StEP) model [381], adapted from Ref. [383]. Below, the
particle evolution of an experimental granular raft, consisting of a
2D monolayer of polydisperse Styrofoam spheres floating at an air-
oil interface under a quasistatic tensile test, was investigated. Here,
eG is the driving global strain, ẽP is the plastic strain, and D2

min is
the particle non-affine displacement. System IIA represents a more
ductile system and System IIB a more brittle one. Both cases were
compared with the corresponding StEP model simulations. In both
cases, the simulations showed statistical agreement with the experi-
mental results.

ical scheme, enabling efficient quasi-static simulations over
a long duration. More recently, Kamble et al. [391] extended
Anand and Su’s work [388] to model the split Hopkinson pres-
sure bar (SHPB) setup, capable of simulating the deformation
of BMGs at high strain rates and elevated temperatures.

In contrast to free volume theory, STZ theory assumes that
a population of bistable defects called STZs exist in an oth-
erwise elastic material, which are localized regions suscep-
tible to configurational changes. Argon [164] proposed the
existence of shear transformations in amorphous solids, draw-
ing an analogy to dislocation glide in crystalline materials.
Falk and Langer [63, 392] introduced the concept that plastic
flow is related to an underlying and evolving defect popula-
tion susceptible to such transformations. The STZ population
is deployed to describe the structural state of the system, in-
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corporating the orientation and number density of defects as
key parameters. Further developments by Bouchbinder and
Langer [393] and Kamrin and Bouchbinder [394] have placed
the STZ theory on a thermodynamic foundation, allowing a
formal definition of an effective temperature of the structural
degrees of freedom. This thermodynamic approach allows
for a more comprehensive modeling of the atomic kinetics
and plastic deformation in BMGs, linking microscopic mech-
anisms to macroscopic observable.

This framework has been implemented numerically by
Rycroft et al. [395] who developed a general framework for
simulating elastoplastic materials in quasi-static loading sce-
narios over long duration. Within this framework the effec-
tive temperature STZ model can be efficiently solved using a
numerical projection method. Employing the effective tem-
perature STZ theory as the plasticity model, the model suc-
cessfully captures the shear banding behaviors of MGs. It has
been further used to systematically study fracture toughness of
glasses [396], and has been extended to a 3D implementation
to study shear band features uniquely in 3D [397].

By incorporating more thermodynamic degrees of freedom
in modeling plastic deformation Rao et al. [398] developed a
finite deformation constitutive model within the new frame-
work of irreversible non-equilibrium thermodynamics. Based
on the two-temperature continuum thermodynamics theory
developed by Kamrin and Bouchbinder [394], they consider
an energy exchange between the configurational and kinetic
subsystems, which drives the subsystems towards equilib-
rium. Furthermore, by introducing a local transformation en-
ergy, their work considers not only shear transformation, but
also reverse shear transformation, caused by the relaxation of
a strain energy field accumulated due to shear transformation.

Advances to this modeling schema has also been sought by
incorporating additional thermally activated mechanisms into
the continuum theory to account for material evolution and
interactions between plastic events. Zhu et al. [399] noted
that the established continuum models have inadequately ad-
dressed time-dependent plastic deformation, and cannot ac-
curately model the creep or relaxation behaviors of BMGs.
They developed a new free-volume based chemo-mechanical
continuum model based on the laws of thermodynamics. This
model considers atomic motion, and directly relates plastic
deformation to atomic kinetics by linking atomic concentra-
tion (free volume) and stress state to the local chemical po-
tential. The gradient of the local chemical potential causes
atomic flux, which induces plastic deformation. The gradi-
ent of the local chemical potential is used directly in the cal-
culation of the plastic flow magnitude of the material. The
model is further verified with numerical simulations, includ-
ing the creep of a BMG. The model is able to capture stress
dependence of creep behavior, and a critical stress transition-
ing from stable to unstable creep.

Mo et al. [400] focused on the non-local interactions among
neighboring plastic events. The medium-long-range (MLR)
interaction of structures due to plastic events is crucial for un-
derstanding avalanches and failures in BMGs. A plastic event
at a site can create a surrounding stress-impacted zone on a
micron scale. However, the MLR correlation among plastic

events have not been directly formulated in established contin-
uum mean field theories, including the free volume theory and
the STZ theory. Specifically, the evolution of local state vari-
ables is not directly related to neighboring elements. Mo et
al. introduced a general MLR correlation mechanism into the
free volume theory. At a site, the free volume increment in-
cludes not only the structural deformation by thermal mechan-
ical coupling, but also the diffusion to its neighboring regions
that have lower free volume values, and the equal amount of
annihilation of free volume itself. This introduces a direct
non-local effect between plastic events. Compared to the tra-
ditional free volume simulations, the new model can capture
the self-organized criticality of BMGs and self-adaptive evo-
lution of shear bands.

C. Linking microscopic/mesoscopic simulations and
macroscopic continuum models

There have recently emerged significant advancements
in multi-scale modeling, particularly in linking micro-
scopic/mesoscopic simulations and macroscopic continuum
models. The main effort lies towards using microscopic
and mesoscopic simulations to inform and improve plastic-
ity modeling in macroscopic continuum models. The ulti-
mate objective is to combine physical accuracy of microscopic
models with the scalability of continuum models, enabling the
simulation of larger systems over longer durations.

In multi-scale modeling of BMGs, a notable challenge
arises in accurately aligning atomic configurations obtained
from molecular dynamics (MD) simulations with macro-
scopic descriptors used in continuum simulations. To address
this challenge, Hinkle et al. [401] developed a coarse-graining
methodology to translate MD simulation data into align-
ment with continuum simulation data. Specifically, Gaussian
coarse-graining techniques are applied to atomic strain fields
and atomic potential energy. Analyzing the coarse-grained
fields allows for the extraction of the shear-banding region and
the background region in the simulation, as well as the appro-
priate length scales to use for coarse-graining. They further
developed an equation to map the coarse-grained atomic po-
tential energy in MD to the effective temperature field in the
STZ theory for continuum simulations. By employing such
techniques, researchers can better integrate information from
different simulation scales. For example, Hinkle et al. em-
ployed the coarse-graining techniques to a MD simulation,
extracting an initial condition for the effective temperature
field suitable for continuum simulations. They conducted two-
dimensional, quasi-static numerical simulations based on the
STZ theory using the initial condition. Their findings demon-
strated that, at certain coarse-graining length scales, the con-
tinuum simulation reached good agreement with the MD sim-
ulation. The work paved the way for future research in using
the coarse-grained atomistic data to parametrize and validate
continuum plasticity models.

Another challenge in multi-scale modeling arises from
the disparity in boundary conditions between microscopic
MD simulations and continuum simulations. The bound-
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ary conditions employed in MD simulations, such as the
widely used Lees-Edwards boundary condition, differ from
those typically utilized in continuum simulations. Boffi and
Rycroft [402] proposed a coordinate transformation method-
ology that enables the implementation of consistent boundary
conditions for continuum simulations that mirror the Lees-
Edwards boundary condition in MD simulations. The work
has laid the groundwork for future research in the direct com-
parison and integration between the two simulation scales.

D. Data-driven approaches

Data-driven methods have the potential to bypass several
limitations present in traditional continuum modeling tech-
niques, leading to more accurate modeling of the plasticity.
For example, BMGs exhibit complex plastic deformation be-
havior. Their plasticity is also influenced by different factors,
such as microstructure, composition, and processing history.
Traditional continuum models often struggle to capture these
complexities accurately. Data-driven methods, however, can
learn this complexity from large datasets, and capture the non-
linear and non-local effects in plastic deformation.

In one direction, these data-driven methods can serve as
powerful tools to inform existing plasticity models. For exam-
ple, parameters in theoretical models can be learned and fitted
based on computational or experimental data, enabling more
accurate and realistic predictions of material behavior. This
is a broader trend in the materials science field. Acar [403]
used an artificial neural network to calibrate a crystal plas-
ticity model to simulate the mechanical behavior of a tita-
nium–aluminum alloy under larger deformations. Baltic et
al. [404] proposed a machine learning supported calibration
of a ductile fracture locus model for ductile materials. Yang
et al. [405] used a Bayesian neural network-based surrogate-
assisted genetic algorithm optimization method to calibrate
constitutive parameters for crystal plasticity model that best
reproduce the mechanical response in experiments and simu-
lations.

For BMGs, building upon the groundwork laid by the
coarse-graining and coordinate transformation methodolo-
gies, Kontolati et al. [406] applied machine learning (ML)
techniques to further investigate multi-scale modeling of
BMGs. In particular, they introduced Grassmannian effi-
cient global optimization (Grassmannian EGO), a general ML
framework, to probabilistically determine optimal parameters
for the STZ plasticity model based on MD atomistic simula-
tion data. Employing the coordinate-transformation method-
ology, they ensured exact matching of boundary conditions
between continuum and MD simulations. Additionally, they
utilized the coarse-graining methodology to directly compare
fields from MD simulations with those from continuum sim-
ulations. Continuum simulations were initialized with the
effective temperature field extracted from MD simulations.
Through the Grassmannian EGO framework, trained on MD
simulation data, they identified optimal parameters for the
coarse-graining length scale and the STZ model. These opti-
mal parameters resulted in good agreement between MD and

continuum simulations, regarding the development and loca-
tion of the shear bands.

ML techniques can also be used to create entirely new, data-
driven plasticity models. This is an important current trend in
materials science research. Deep learning models have been
used to predict plasticity in materials other than BMGs. For
instance, Mozaffar et al. [407] developed a deep learning al-
gorithm that was capable of predicting plasticity in simulated
representative volume elements of aluminum alloys with ellip-
tical rubber fillers. Huang et al.[408] developed a feedforward
neural network that is capable of recreating the Von Mises
yield surface for 3D materials, based solely on data collected
from multi-axial loading tests. Nascimento et al. [409] devel-
oped a deep-neural-network-based surrogate model for pre-
dicting the anisotropic yield surfaces of polycrystalline mate-
rials suited for sheet metal forming.

For BMGs, recently, Wen and Wei [410] developed ML
models for plastic flow based on experimental data across a
wide range of temperatures and strain rates [411]. Using the
gradient boosting regression method [412, 413] within the
tree-based algorithm, their plasticity model learns complex
mappings between input parameters (stress, plastic deforma-
tion history, temperature, and strain rate) and the output vari-
able, equivalent plastic strain rate. The ML plasticity model
is integrated into continuum constitutive models. By refin-
ing the simulation mesh, they showed that the model has the
capability to resolve nanoscale-sized shear bands. While the
above approaches focus on data-driven constitutive learning,
Mäkinen et al. [414] proposed a physics-informed framework
that predicts plastic deformation and yield in metallic glasses
from early plastic strain accumulation. Their Bayesian ap-
proach enables early and interpretable prediction of bulk plas-
tic response from small-strain data. These complementary ap-
proaches underscore the emerging role of hybrid, interpretable
frameworks for predictive modeling of plasticity and failure in
metallic glasses.

VI. MACHINE LEARNING PREDICTION OF
GLASS-FORMING ABILITY

One of the central challenges in metallic glass research is
determining the glass-forming ability (GFA), i.e., the propen-
sity of a given alloy composition to avoid crystallization
and form an amorphous structure upon cooling. There is no
single universal parameter for evaluating GFA. Rather, as
highlighted above, many empirical and theoretical criteria
have been proposed. Understanding GFA is crucial for
designing bulk metallic glasses, where large sample sizes
without crystallization are desired. A reliable prediction
of GFA is also essential for discovering novel BMGs, as
experimental exploration alone is impractical due to the huge
compositional possibilities. Schroers et al. estimated that
around 3 million binary, ternary, quaternary, and quinary
BMG alloys potentially exist, based on empirical rules, such
as atomic size ratio, heat of mixing, and liquidus temperature
applied to 32 metallic elements [415]. Consequently, in recent
years, GFA prediction has become a canonical problem for
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machine learning (ML) and data-driven approaches in mate-
rials science. These methods have been shown to effectively
address complex problems arising from the intricate interplay
of thermodynamic, kinetic, and structural factors, enabling
extrapolation beyond the training data [416, 417]. This
section reviews the key efforts that apply ML to the prediction
of GFA. We divide the scope into three interconnected parts:
data generation, model selection, and validation technique,
reflecting the typical workflow of ML studies and highlight-
ing how progress in each area has shaped current capabilities.

Data generation: This is the cornerstone of any ML ap-
proach for predicting GFA. Four main sources of GFA data
can be identified. Literature data coming from experiments
and reference handbooks, provide one source. The most
widely used is the dataset assembled by Ward et al. [418],
which presents measured critical casting diameters in many
alloy systems. Other important sources are handbooks collect-
ing phase diagrams and thermophysical properties [419–421].
Although this is the most followed strategy to obtain data for
ML, yet it remains a bottleneck. Experimental GFA data may
be imbalanced, e.g., biased toward high-GFA alloy systems
and underrepresenting failures or marginal cases, leading to
overfitting and poor generalization [422]. Data augmenta-
tion techniques mitigate imbalance [423]: oversampling (du-
plicating minorities) or nonlinear transformations. Overall,
if we include all available data, the GFA dataset could reach
� 8000 entries [424]. Thermodynamic data from CALPHAD
calculations. Computational thermodynamics allows extrac-
tion of parameters such as the liquidus temperature Tl from
assessed phase diagrams. From those, one can extract GFA
from calculating the eutectic depth, as done by Dasgupta et
al. [425], or a liquidus depression parameter Y, as defined by
Greer’s group [426]. CALPHAD’s limitations, such as high
cost and incomplete databases for rare elements, however, per-
sist. Synthetic data from MD simulations generate thousands
of virtual alloys by modeling atomic trajectories during cool-
ing, yielding features that relate to GFA such as icosahedral
fraction or bond order parameters [427, 428]. However, a lim-
itation may be the simulation timescale which might not be
able to tackle other important thermodynamical parameters in
the GFA prediction. High-throughput synthesis techniques.
Advanced combinatorial fabrication methods, such as mag-
netron co-sputtering from multiple targets, can produce thin
films with continuous composition gradients covering hun-
dreds to thousands of alloy compositions in a single deposi-
tion run [429, 430]. These composition-spread libraries can
then be screened for GFA indicators (e.g., via XRD). How-
ever, as commented above, it is difficult to relate amorphous
thin film GFA with bulk [426] and also, the field is still in its
infancy.

Model selection: Machine learning models for GFA predic-
tion fall in two categories, regression or classification, shar-
ing core steps like descriptor construction and hyperparam-
eter optimization. The choice between regression and clas-
sification depends on the type of target data available, con-
tinuous values such as cooling rate Rc, reduced glass tran-
sition temperature Trg or critical casting diameter Dmax (see

FIG. 12. Example of a) regression and b) classification meth-
ods within a single output neural network model. Figures adapted
from [40] under CC BY 3.0. Regression is used to predict the max-
imum diameter of a glassy rod Dmax compared to true values. Clas-
sification confusion matrix is used to predict the GFA category of an
alloy composition through a confusion matrix: crystalline (non glass
forming), glassy ribbon (GR), or bulk metallic glass (BMG), show-
ing counts of true labels (rows) versus predicted labels (columns).
c) Role of (Left) Machine learning features, (elemental and statisti-
cal function) and (right) human features in predicting GFA. Figure
reprinted from [431], under CC BY NC ND licence. d) (Left) ML
prediction of glass forming likelihood in the Co-V-Zr ternary sys-
tem, optimized for sputter deposition with principal component anal-
ysis (PCA) parameters included (yellow: low likelihood, dark blue:
high). (Right) Experimental validation mapping the full width at
half maximum (FWHM) of the first sharp diffraction peak via high-
throughput sputtering and XRD (yellow: low, indicating crystalline.
Dark blue: high, indicating amorphous). Adapted from [429], under
CC BY 4.0 license.

Fig. 12a)), as opposed to discrete labels like crystalline, ribbon
or bulk (see Fig. 12b)). A variety of algorithms have been ex-
plored for GFA regression. Support vector regression (SVR)
to predict Dmax from thermodynamic descriptors, demonstrat-
ing good generalization in small datasets [432]. Tree-based
ensembles, including random forest regression and gradient
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boosting, to capture correlation of key features with Dmax pre-
diction [433]. Artificial neural networks (ANNs), from shal-
low feed-forward architectures to deeper models, capable of
learning complex feature hierarchies, but more prone to over-
fitting in the limited-data regime. Gaussian process regres-
sion (GPR) offers probabilistic predictions and uncertainty
estimates, used by Zhou et al. to guide active-learning cy-
cles [422].

In the classification setting, the task is to assign each com-
position to discrete categories, most often “glass” or “non-
glass” (binary classification) [423, 434]. Multi-class schemes
also exist [418] based on threshold values of Dmax or Rc. Clas-
sification is also used as an initial large-scale screening, where
the objective is to discard clear non-glass formers early, re-
ducing the candidate pool before more computationally inten-
sive modeling [422]. Promising examples include pioneer-
ing works by Wolverton et al. [418, 434] that employ ran-
dom forest classifiers with input literature datasets, as well
as hybrid classification-regression models for broader com-
positional exploration [422]. Building on these models, ML
enables efficient exploration of compositional spaces for dis-
covering new MGs. This is achieved, for example, by predict-
ing the GFA across all possible ternary alloys derived from
combinations of elements in the training dataset [434], or
by deep searches in higher-order (quaternary to senary) alloy
spaces [422].

A more recent study [435] compares the role of different
features in the prediction of GFA. In this work, the authors
compare four distinct feature sets in random forest models
for GFA prediction, using a database of 6816 unique alloy
compositions (spanning 55 elements, binary to octonary) la-
beled as BMG (Rc < 10 3 K/s), ribbon (Rc < 10 6 K/s), or non-
ribbon (Rc > 10 6 K/s) formers. They reconstruct Wolverton’s
model with 201 alloy features from six statistical functions
(e.g., mean, range, mode) on 31 elemental properties. Surpris-
ingly, this model achieves 89% accuracy, but its performance
is indistinguishable from two baseline “unphysical” models:
one built on randomly generated (meaningless, non-physical)
values for five arbitrary elemental properties (then converted
to alloy features via the same six statistical functions), and an-
other using no features at all, relying solely on compositional
information (i.e., the atomic percentages of each element in
the alloy as direct inputs). Yet, in predicting a vast ternary
space (�2.6 million alloys from 24 elements), the general-
material model favors BMGs near training data, lacking ex-
trapolative power. Conversely, a human-learning model with
three physical features: i) liquidus reduction DT (from binary
pairs), ii) atomic size difference d , and iii) maximum mixing
heat DHmax (Miedema model), excels by >20 times in recov-
ering withheld BMGs at high probability (p >0.95). This is
illustrated in Fig. 12c), which contrasts the two approaches:
the left panel shows predictions clustered tightly around train-
ing data (blue dots) in a sparse space, indicating limited explo-
ration. The right panel depicts a broader, gradient-filled dis-
tribution of predictions (yellow-to-red) that extend far beyond
the training data, enabling discovery in the vast composition
space. The study highlights the limitations of feature-agnostic
ML for GFA, where huge spaces require physical insights

(thermodynamics, topology) to avoid overfitting and enable
extrapolation beyond proximity predictions. The integration
of human rules for an accurate representation of alloys is em-
phasized, as elemental statistics miss key mechanisms such as
eutectic suppression or crystallization resistance.

Recent developments have also explored inverse design us-
ing deep learning. In particular, Generative adversarial net-
works (GANs) have been employed to generate novel, com-
positionally complex BMG compositions, like high-entropy
types [436]. Trained on curated datasets and physical descrip-
tors, GANs can suggest new compositions likely to exhibit
high GFA. The generated candidates are evaluated by compar-
ing them to known alloys using techniques such as principal
component analysis (PCA), offering a visual and quantitative
assessment of similarity and novelty.

Validation: The reliability of ML models for GFA predic-
tion is evaluated through several methods, ranging from pure
computational techniques to rigorous experimental confirma-
tion. Here we distinguish these methods in two main cate-
gories: computational self-assessment, which focuses on sta-
tistical and internal model checks, and experimental valida-
tion, which involves the synthesis and testing of predicted al-
loys to practically validate the results.

Computational Self-Assessment. Many studies rely on in-
ternal ML validations to evaluate performance without phys-
ical synthesis. Common techniques include k-fold cross-
validation (CV) for overfitting mitigation, as in Wolver-
ton’s random forest classifiers [418, 434], achieving �89%
accuracy via 10-fold CV. For Gaussian process regression
(GPR) [422], the uncertainty quantification provides proba-
bilistic outputs, to guide active learning cycles and tag unre-
liable predictions. Once a model demonstrates reliable pre-
dictive performance, the next step involves "human-centered
ML"-interpreting which descriptors are most relevant and
why [433, 437]. Techniques such as feature ablation (remov-
ing or adding descriptors and measuring changes in accuracy)
help rank feature importance, alongside permutation methods.
Liu et al. [435] apply these to compare physical vs. unphysi-
cal features, pointing out the shortcomings of capture mecha-
nisms such as eutectic suppression. Although efficient, these
methods miss the synthesis challenges, kinetic factors, or data
biases inherent in glass formation. The glass forming ability
is also highly sensitive to the processing method, e.g., vapor
deposition can produce ultra-stable thin film glasses with en-
hanced GFA in compositions that might not form glasses in
bulk via melt quenching and direct extrapolation between the
two is challenging [438, 439].

Experimental Validation. To address these gaps, some
works proceed to experimental verification of the ML results,
synthesizing novel predicted alloys via melt spinning, suction
casting, and characterizing them via XRD for amorphicity,
differential scanning calorimetry (DSC) for thermal proper-
ties, or mechanical testing. For instance, the new Zr-based
BMGs predicted by the hybrid model of Zhou et al. [422]
were cast into amorphous rods up to 5 mm in diameter and
validated via XRD. The GAN framework [436] generated
high-entropy BMGs, with candidates cast into 2 mm rods and
confirmed amorphous. Other examples include inverse de-
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sign via variational autoencoders (VAE), generating MGs with
targeted ductility in Cu-Zr systems and verifying properties
experimentally [440]. In biocompatible Ti-Zr-Cu-Pd alloys,
ML guided low-Cu compositions, were assessed for GFA via
casting showing improved biocompatibility [441]. For Fe-
based BMGs, models predicted Dmax using thermophysical
features, validated through arc-melting and suction casting of
new amorphous ribbons [442].

More importantly, some approaches use experiments to it-
eratively refine the ML model, creating active learning loops
where new data from synthesis feeds back to improve pre-
dictions. A seminal example is Ren et al.’s iterative ML
high-throughput experimentation in Co-V-Zr ternaries, dis-
covering new MGs by refining models with experimental out-
comes [429]. This process is shown in Fig. 12d), where the
left panel shows the first generation ML prediction of glass-
forming likelihood in the Co-V-Zr ternary composition, opti-
mized for sputter deposition with PCA parameters. The right
panel depicts the experimental validation via high-throughput
sputtering and XRD, mapping the full width at half maximum
(FWHM) of the first sharp diffraction peak (FSDP), confirm-
ing numerical predictions. Experimental validation confirms
the predictions, but also reveals some limitations, such as the
overestimation of Dmax due to unmodeled impurities.

VII. FUTURE OUTLOOKS AND CHALLENGES

In this review, we have summarized recent progress in the
field of metallic glasses, covering advances in experimen-
tal characterization, multiscale modeling approaches, and the
growing role of machine learning in understanding and de-
signing these complex materials. Despite these significant
achievements, metallic glasses still present numerous scien-
tific and technological challenges that must be addressed to
fully realize their potential in practical applications. Below,
we outline key directions and open questions that will likely
define the next phase of research in this field.

A. Mechanical behavior

We have made great advances in understanding how the
mechanical behavior of metallic glasses is controlled by their
processing history, thermodynamic energy state, glassy struc-
ture, and loading conditions. However, our ability to precisely
control the structure and properties of metallic glasses remains
poor and further research must be conducted to develop de-
tailed process-structure-property relationships that are com-
parable to our knowledge for crystalline materials. This will
require research on many fronts, including improvements in
process control, structure characterization, and understanding
of the mechanisms controlling mechanical properties.

• Process control: Although the influence of factors such
as cooling rate, structural relaxation, and rejuvenation
on the mechanical properties of metallic glasses is qual-
itatively understood, controlling these effects in practi-
cal component manufacturing remains difficult. Casting

metallic glasses directly from the melt is inherently un-
stable, often producing uncontrolled gradients in cool-
ing rate and glass structure. Achieving reliable control
over the properties of complex-shaped castings there-
fore requires not only advanced process modeling tools
but also new fundamental insights into how structure
and properties evolve from the supercooled liquid, as
dictated by the local thermal history and flow behav-
ior. Besides, while additive manufacturing provides a
high degree of process control through the various pro-
cess parameters (e.g., laser power, laser scanning speed,
etc.), the layer-by-layer nature produces strong gradi-
ents and mesoscale structures related to the melt-pools
and their effect on the mechanical properties is still rel-
atively unknown. Thermoplastic forming can offer rel-
atively good control over the structure and properties
of small dimensioned metallic glass parts [443], but its
scalability to larger-scale, engineering components re-
mains limited. Future applications of metallic glasses
will likely involve components processed by all of these
routes depending on the dimensions of the part and the
application, and research should focus on using mod-
ern developments in modeling and machine learning to
achieve new levels of control in the structure and prop-
erties that arise from any of the common fabrication
routes.

• Structure characterization: This review has highlighted
some key advances in characterizing the atomic-level
structure of metallic glasses [24, 49, 168] and making
correlations to mechanical properties [23, 45, 131, 168].
However, such studies are too often carried out with a
single characterization method in isolation, and/or new
characterization methods are not readily available to a
broad range of researchers. Solving the structure of
metallic glasses is a multiscale problem that requires
several characterization tools (e.g., TEM, synchrotron
X-rays, neutrons, atom probe, etc.) working together
to reveal the full glassy structure. Research is needed
to make more characterization tools routine and ac-
cessible to glass researchers, for example through user
facilities and open source software for data analysis.
Moreover, creating a composite picture of a metallic
glass structure from multiple characterization tools is
not a straightforward task, and this will benefit greatly
from new research into modeling and machine learn-
ing tools that can help interpret the data and create a
three-dimensional structural picture. Similarly, there is
a large scope for new modeling and interpretable ma-
chine learning approaches to help reveal new structure
property relationships, as is currently done for crys-
talline metals [444].

• Mechanisms of deformation and fracture: At the
nanoscale, deformation carriers in metallic glasses are
generally described in terms of free volume and shear
transformation zones (STZs). However, their rela-
tive importance under different loading and tempera-
ture conditions remains poorly understood, as does the
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manner in which they interact and eventually coalesce
to form shear bands. The latest experimental develop-
ments in studying shear band behavior in situ will help
advance our knowledge [154], but more work is needed
to understand the multi-scale nature of the deforma-
tion and failure processes in metallic glasses. This will
require further experimental advances for the in situ
study of nanoscale deformation mechanisms, as well as
new modeling and machine learning tools to link the
observations across multiple length scales. At macro-
scopic length scales, our ability to understand and pre-
dict the fracture of metallic glasses is limited by a lack
of adequate analysis tools. Existing analytical con-
structs for elastic-plastic fracture mechanics assume the
strain hardening material behavior of crystalline metals,
while metallic glasses are instead strain softening ma-
terials. This creates well-known problems in measuring
and predicting the fracture behavior of metallic glasses
[445], and new developments are required in the field
of strain softening, elastic-plastic fracture mechanics to
accurately predict their behavior.

B. Additive Manufacturing

Future perspectives on AM of MGs include the integra-
tion of advanced computational and monitoring techniques to
overcome persistent challenges (crystallization, defect min-
imization, and scalability). Machine learning driven opti-
mization of LPBF parameters are promising to automatize
the balance between density and amorphicity [446, 447].
These methods could result in process acceleration and ad-
justments, predicting optimal conditions without performing
lengthy trial-and-error experiments. Porosity prediction mod-
els are useful for defect predictions [448]. To refine the molten
pool dynamics, thermomechanical modeling should be inte-
grated with feedback control, to possibly enable precise man-
agement of temperature gradients [449–451]. All these ad-
vances pave the way for producing more reliable MG com-
ponents with tailored properties, expanding their adoption in
several high-performance applications.

C. Efficient simulations and Machine learning

Developing efficient simulation techniques is a vital is-
sue, especially for nanoscale modeling, since key features of
metallic glasses involve long-timescale behavior. The recent
surge of machine learning methods is also making a strong
impact on nanoscale modeling, including the development of
machine-learning interatomic potentials and the prediction of
glassy dynamics.

• Machine-Learning Interatomic Potentials: The current
state of the art of machine-learning interatomic poten-
tials (MLIPs) can be roughly divided into two groups;
(1) targeted and accurate material-specific MLIPs, and
(2) large general-purpose MLIPs for wide applicabil-
ity to many materials and properties. The first group

represents the conventional strategy of developing inter-
atomic potentials, where accurate simulations for a spe-
cific material and properties are desired. In very recent
years, the MLIP community has increasingly focused
on the second group by developing foundation poten-
tials, i.e., universal interatomic potentials for the entire
periodic table [452–457]. These advances have been
driven by improved machine-learning regression archi-
tectures, particularly equivariant graph neural networks,
together with the development and public availability of
large, consistently calculated materials databases [453].
Nevertheless, a central challenge for foundation-model
approaches is to obtain sufficiently diverse and high-
quality reference datasets, especially for multicompo-
nent bulk metallic glasses, where experimental atomic
structures are scarce and quantum-level calculations re-
main expensive. Despite their broader training scope,
current foundation-model MLIPs still exhibit limited
transferability across composition, temperature, and
pressure, often performing reliably only near the states
represented in the training data. Moreover, fine-tuning
or the development of smaller, system-specific MLIPs
is still required to reach the accuracy needed for quan-
titative insight into the structure-property relations of
metallic glasses.

• Efficient molecular simulations: At the level of classical
molecular simulations, advanced algorithms such as the
swap Monte Carlo method have been established, but
their applicability remains largely restricted to specific
model systems. Extending such algorithms to more
general metallic glass formers with realistic interaction
potentials is therefore an important direction for future
research. For example, a very recent study has demon-
strated the effectiveness of swap Monte Carlo in more
realistic systems, such as metallic alloys modeled with
EAM potentials [318]. Another promising avenue is
to combine different efficient sampling algorithms in
order to exploit possible synergies among them [458].
Moreover, there are also attempts to develop machine-
learning–assisted sampling algorithms aimed at accel-
erating the equilibration process [284, 459].

• Machine learning prediction of dynamics: An excit-
ing line of current research is the prediction of glassy
dynamics-whether thermally activated or driven by ex-
ternal loading-directly from static structural snapshots
using machine learning [60]. A wide spectrum of
machine learning models has been explored, ranging
from simple linear regression with carefully designed
descriptors to state-of-the-art deep learning architec-
tures [331, 460–462]. These approaches have already
achieved high levels of predictive accuracy. However,
machine learning models, in particular, deep learning
models, are often regarded as “black boxes”, making it
difficult to connect predictions with underlying physi-
cal mechanisms. For this reason, interpretability and
explainability are now viewed as essential next steps,
as the community increasingly seeks to extract genuine
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physical insight from machine-learning-based predic-
tions [463–469].

D. Multiscale modeling and data-driven approach

Integrating data-driven techniques with multi-scale model-
ing offers great promise for advancing our understanding of
the complex, non-linear plastic deformation of bulk metallic
glasses (BMGs). Data-driven methods trained on atomistic
simulations or experiments can both refine existing plasticity
models and guide the development of new ones. Embedding
these mesoscopic models into continuum-scale simulations
enables physically grounded predictions over larger spatial
and temporal scales, opening opportunities for improved de-
sign and engineering of BMG-based components. Key chal-
lenges that remain are outlined below.

• Sample size and boundary conditions: Determining the
optimal sample size for conducting MD simulations or
experiments to gather data relevant to plastic deforma-
tion can be challenging. When the sample is too small,
excessive stochastic noise may obscure meaningful pat-
terns in the data, rendering them less informative. Con-
versely, if the sample is excessively large, isolating data
of individual plastic events becomes difficult and the
resulting dataset may be overly averaged. A strategy
for optimizing the sample size is needed which is better
than trial-and-error. Besides, matching boundary condi-
tions exactly between simulations at different scale can
be tricky, but necessary, in order to compare the simula-
tions directly. Boffi and Rycroft [402] have contributed
in this regard by devising a coordinate transformation
methodology for continuum simulations in rectangular
Eulerian grid to match the Lees-Edwards boundary con-
dition in MD simulations. Further developments are
needed to handle more complex geometries and other
boundary condition cases.

• State variables: Mapping state variables between mod-
els at different scales is another challenge, but essen-
tial if we want to integrate the models. As mentioned,
Hinkle et. al. [401] contributed by proposing a map-
ping from atomistic potential energy in MD to effective
temperature in STZ theory for continuum simulations.
However, the map was done by choosing an equation,
which in itself is a limitation as we cannot know what
the true mapping function is. In the future, data-driven
methods may be employed, like in Xu et al. [382],
to find optimal equation-free data-driven mappings be-
tween the variables.

• Heterogeneity of material properties: In continuum
models, material properties like the shear modulus are
typically assumed to be uniformly distributed across the
entire domain. However, data-driven mesoscopic plas-
ticity models may exhibit sensitivity to local variations
in material properties, determined by the sample size.
Therefore, the need arises to introduce heterogeneous

material property fields into continuum simulations to
achieve greater physical accuracy in plasticity simula-
tion.

• Plasticity lengthscales: Determining the appropriate
lengthscales for the mesoscopic plasticity model within
the continuum framework presents a challenge. This
entails defining the size of the local domain within
the continuum code to collect input for the plasticity
model. Moreover, when plastic deformation occurs as
predicted by the plasticity model, we need to deter-
mine the spatial scope to which the plasticity affects the
continuum domain. Additionally, careful consideration
need to be given to the computation of input from the
continuum model for the plasticity model, as well as the
application of output from the plasticity model into the
continuum model. Common approaches include mean
averaging or Gaussian smoothing, which require testing
to ensure physically accurate results.
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valuable discussions on additive manufacturing from an in-
dustrial perspective. We also thank Walter Kob for discus-
sions and helpful suggestions on the draft. The discussions in
the above Workshop continued at the MRS Meeting in Boston
in December 2024 and culminated in a Symposium on bulk
metallic glasses held at Warsaw University of Technology in
January 2025.

This work has been supported by the European Union Hori-
zon 2020 research and innovation program under grant agree-
ment no. 857470 and from the European Regional Devel-
opment Fund via the Foundation for Polish Science Inter-
national Research Agenda PLUS program grant No. MAB



31

PLUS/2018/8.
JJK would like to acknowledge financial support from

Australian Research Council grant DP240101127 and from
the Alexander von Humboldt Foundation Friedrich Wilhelm
Bessel Award.

IG and RB acknowledge the financial support of the Euro-
pean Innovation Council through the HORIZON-EIC-2021-
PATHFINDEROPEN-01 grant (101046870) and the Deutsche
Forschungsgemeinschaft (DFG). IG and RB also acknowl-
edge DESY (Hamburg, Germany) and ESRF (Grenoble,
France) for the provision of experimental facilities.

JE thanks additional support provided through the Euro-
pean Research Council under the Advanced Grant “INTEL-
HYB – Next Generation of Complex Metallic Materials in
Intelligent Hybrid Structures” (Grant No: ERC-2013-ADG-
340025,) the Austrian Science Fund (FWF) and Land Steier-
mark, Project No. P31544-NBL.

JCD acknowledges support from the VILLUM Founda-
tion’s Matter grant VIL16515.

SB thanks support from SONATA BIS number DEC-
2023/50/E/ST3/00569 by National Science Centre Poland
(NCN) and FIRST TEAM FENG.02.02-IP.05-0177/23 by

Foundation for Polish Science (FNP).
MLF, CHR, SF and JL acknowledge support by

the National Science Foundation under Grant Nos.
2323718/2323719/2323720 through the Designing Ma-
terials to Revolutionize and Engineer our Future (DMREF)
program. CHR was supported in part by the U.S. Department
of Energy, Office of Science, Office of Advanced Scientific
Computing Research’s Applied Mathematics Competitive
Portfolios program under Contract No. AC02-05CH11231.

JB acknowledges funding from the Research council of
Finland through the OCRAMLIP project, grant number
354234.

G.M. acknowledges support by the project GLAXES ERC-
2021-ADG (Grant Agreement No. 101053167) funded by the
European Union.

M.O. thanks the support by MIAI@Grenoble Alpes and the
Agence Nationale de la Recherche under France 2030 with the
reference ANR-23-IACL-0006).

S.S. acknowledges SERB(ANRF) (India) for support
through the JC Bose Fellowship (JBR/2020/000015)
SERB(ANRF), DST (India) and a grant under SUPRA
(SPR/2021/000382).

[1] A Lindsay Greer. Metallic glasses. Science, 267(5206):1947–
1953, 1995.

[2] Jamie J. Kruzic. Bulk metallic glasses as structural materi-
als: A review. Advanced Engineering Materials, 18(8):1308–
1331, 2016.

[3] A.K. Gangopadhyay and K.F. Kelton. Recent progress in
understanding high temperature dynamical properties and
fragility in metallic liquids, and their connection with atomic
structure. J. Mater. Res., 32:2638–2657, 2017.

[4] Wei-Hua Wang, Rui Zhao, Rong Han, Ying-Hui Shang, Yong
Yang, Song-Ling Liu, Shi-Yun Zhang, Yuan-Chao Hu, Yi-
Tao Sun, Ming-Xing Li, Ling-Xiang Shi, Ke-Fu Yao, Jiang
Ma, Hai-Bo Ke, Yong Zhao, Bo Zhang, Xing Tong, Hai-
Yang Bai, Si-Nan Liu, Zhen-Duo Wu, Si Lan, Qi Cheng, Ji-
han Zhou, Heng Kang, Peng-Fei Guan, Zhen-Wei Wu, Hua-
Ping Zhang, Peng Luo, Lai-Quan Shen, Hai-Bin Yu, Sen-Kuan
Meng, Zheng Wang, Hai-Long Peng, Shuai Ren, Yu Tong, Li-
Jian Song, Jun-Tao Huo, Jun-Qiang Wang, Jing-Li Ren, Peng
Wang, Mao-Zhi Li, Bei-Bei Fan, Bo Huang, Jun Yi, Xi-Lei
Bian, Qing Wang, Gang Wang, Min-Qiang Jiang, Yin-Xiao
Wang, Zheng-Wang Zhu, Hai-Feng Zhang, Chuan-Kun Zhou,
Ming Liu, Shao-Fan Zhao, Jing Zhou, Xue-Song Li, Bao-
An Sun, Zhen Lu, Shu-Jie Pang, Hu-Yang Li, Huai-Jun Lin,
Ji Wang, Xing-Yao Wang, Yu-Han Shen, Cheng-Rong Cao,
Ben-Zhen Tang, and Peng Yu. Metallic glass roadmap. Mater.
Futures, 4:033001, 2025.

[5] C. A. Angell. Formation of glasses from liquids and biopoly-
mers. Science, 267:1924–1935, 1995.

[6] P. G. Debenedetti and F. H. Stillinger. Supercooled liquids and
the glass transition. Nature, 410:259–267, 2001.

[7] J. C. Dyre. The glass transition and elastic models of glass-
forming liquids. Rev. Mod. Phys., 78:953–972, 2006.

[8] Ludovic Berthier and Giulio Biroli. Theoretical perspective
on the glass transition and amorphous materials. Reviews of
modern physics, 83(2):587, 2011.

[9] A Lindsay Greer and Evan Ma. Bulk metallic glasses: at the
cutting edge of metals research. MRS bulletin, 32(8):611–619,
2007.

[10] Akihisa Inoue. Stabilization of metallic supercooled liquid
and bulk amorphous alloys. Acta materialia, 48(1):279–306,
2000.

[11] Wei-Hua Wang, Chuang Dong, and CH Shek. Bulk metal-
lic glasses. Materials Science and Engineering: R: Reports,
44(2-3):45–89, 2004.

[12] Paola Tiberto, Marcello Baricco, Elena Olivetti, and Rafael
Piccin. Magnetic properties of bulk metallic glasses. Ad-
vanced Engineering Materials, 9(6):468–474, 2007.

[13] Jan Schroers. Processing of bulk metallic glass. Advanced
materials, 22(14):1566–1597, 2010.

[14] C Suryanarayana and Akihisa Inoue. Bulk metallic glasses.
CRC press, 2017.

[15] K Gao, XG Zhu, L Chen, WH Li, X Xu, BT Pan, WR Li,
WH Zhou, L Li, W Huang, et al. Recent development in the
application of bulk metallic glasses. Journal of Materials Sci-
ence & Technology, 131:115–121, 2022.

[16] A Lindsay Greer, Miguel B Costa, and Owain S Houghton.
Metallic glasses. MRS Bulletin, 48(10):1054–1061, 2023.

[17] Sajad Sohrabi, Jianan Fu, Luyao Li, Yu Zhang, Xin Li, Fei
Sun, Jiang Ma, and Wei Hua Wang. Manufacturing of metal-
lic glass components: Processes, structures and properties.
Progress in Materials Science, page 101283, 2024.

[18] Akihisa Inoue, Fanli Kong, Xuguang Zhu, Jianxin Chen,
He Men, and Walter Jose Botta. Development and industri-
alization of zr-and fe-based bulk metallic glasses and light
metal-based metastable alloys. Journal of Alloys and Com-
pounds, 979:173546, 2024.

[19] Ryusuke Hasegawa and Daichi Azuma. Impacts of amor-
phous metal-based transformers on energy efficiency and en-
vironment. Journal of Magnetism and Magnetic Materials,
320(20):2451–2456, 2008.



32

[20] HF Li and YF Zheng. Recent advances in bulk metallic glasses
for biomedical applications. Acta biomaterialia, 36:1–20,
2016.

[21] Isabella Gallino and Ralf Busch. Physical Metallurgy of Bulk
Metallic Glass-Forming Liquids- Thermodynamic and Kinetic
Concepts in Glass Formation, volume 341. Springer Cham,
Springer Series in Materials Science, 1st edition, 2025.

[22] Yonghao Sun, Amadeu Concustell, and A Lindsay Greer.
Thermomechanical processing of metallic glasses: extend-
ing the range of the glassy state. Nature Reviews Materials,
1(9):1–14, 2016.

[23] Bosong Li, Lucas M. Ruschel, Keita Nomoto, Oliver Gross,
Bastian Adam, Nico Neuber, Maximilian Frey, Simon P.
Ringer, Bernd Gludovatz, Ralf Busch, and Jamie J. Kruzic.
Fracture behavior of ninb and ninbp bulk metallic glasses.
Journal of Alloys and Compounds, 1010:177369, 2025.

[24] Y. Yang, J. H. Zhou, F. Zhu, Y. K. Yuan, D. J. Chang, D. S.
Kim, M. Pham, A. Rana, X. Z. Tian, Y. G. Yao, S. J. Osher,
A. K. Schmid, L. B. Hu, P. Ercius, and J. W. Miao. Determin-
ing the three-dimensional atomic structure of an amorphous
solid. Nature, 592(7852):60–64, 2021.

[25] Ken Kelton and Alan Lindsay Greer. Nucleation in condensed
matter: applications in materials and biology, volume 15. El-
sevier, 2010.

[26] X. Tong, Y.-E. Zhang, B.-S. Shang, H.-P. Zhang, Z. Li,
Y. Zhang, G. Wang, Y.-H. Liu, Y. Zhao, B. Zhang, H.-B. Ke,
J. Zhou, H.-Y. Bai, and W.-H. Wang. Breaking the vitrification
limitation of monatomic metals. Nat. Mater., 23:1193–1199,
2024.

[27] William L Johnson. Bulk glass-forming metallic alloys: Sci-
ence and technology. MRS bulletin, 24(10):42–56, 1999.

[28] ZP Lu and CT Liu. A new glass-forming ability criterion
for bulk metallic glasses. Acta materialia, 50(13):3501–3512,
2002.

[29] Atakan Peker and William L Johnson. A highly processable
metallic glass: Zr41. 2ti13. 8cu12. 5ni10. 0be22. 5. Applied
Physics Letters, 63(17):2342–2344, 1993.

[30] A Lindsay Greer. Confusion by design. Nature, 366(6453),
1993.

[31] Wei Hua Wang. Roles of minor additions in formation and
properties of bulk metallic glasses. Progress in Materials Sci-
ence, 52(4):540–596, 2007.

[32] WL Johnson, JH Na, and MD Demetriou. Quantifying the
origin of metallic glass formation. Nature communications,
7(1):10313, 2016.

[33] Ralf Busch. The thermophysical properties of bulk metallic
glass-forming liquids. JOM, 52:39–42, 2000.

[34] Daniel B Miracle. A structural model for metallic glasses.
Nature materials, 3(10):697–702, 2004.

[35] HW Sheng, WK Luo, FM Alamgir, JM Bai, and E Ma. Atomic
packing and short-to-medium-range order in metallic glasses.
Nature, 439(7075):419–425, 2006.

[36] David Turnbull. Under what conditions can a glass be formed?
Contemporary physics, 10(5):473–488, 1969.

[37] Akira Takeuchi and Akihisa Inoue. Calculations of mixing
enthalpy and mismatch entropy for ternary amorphous alloys.
Materials transactions, JIM, 41(11):1372–1378, 2000.

[38] HS Chen and D Turnbull. Evidence of a glass–liquid transition
in a gold–germanium–silicon alloy. The Journal of Chemical
Physics, 48(6):2560–2571, 1968.

[39] Jörg F Löffler. Bulk metallic glasses. Intermetallics,
11(6):529–540, 2003.

[40] Robert M Forrest and A Lindsay Greer. Machine-learning im-
proves understanding of glass formation in metallic systems.

Digital Discovery, 1(4):476–489, 2022.
[41] M. D. Demetriou, M. E. Launey, G. Garrett, J. P. Schramm,

D. C. Hofmann, W. L. Johnson, and R. O. Ritchie. A damage-
tolerant glass. Nature Materials, 10(2):123–128, 2011. Na-
tional Science Foundation [DMR-0520565]; Office of Sci-
ence, Office of Basic Energy Sciences, Division of Materials
Sciences and Engineering, of the US Department of Energy
[DE-AC02-05CH11231].

[42] B.A. Sun and W.H. Wang. The fracture of bulk metallic
glasses. Progress in Materials Science, 74:211–307, 2015.

[43] M.E. Launey, R. Busch, and J.J. Kruzic. Effects of free vol-
ume changes and residual stresses on the fatigue and fracture
behavior of a zr–ti–ni–cu–be bulk metallic glass. Acta Mate-
rialia, 56(3):500–510, 2008.

[44] B. S. Li, Shenghui Xie, and Jamie J. Kruzic. Toughness en-
hancement and heterogeneous softening of a cryogenically
cycled zr–cu–ni–al–nb bulk metallic glass. Acta Materialia,
176:278–288, 2019.

[45] Keita Nomoto, Anna V. Ceguerra, Christoph Gammer, Bosong
Li, Huma Bilal, Anton Hohenwarter, Bernd Gludovatz, Jürgen
Eckert, Simon P. Ringer, and Jamie J. Kruzic. Medium-range
order dictates local hardness in bulk metallic glasses. Materi-
als Today, 44:48–57, 2021.

[46] D. Wei, J. Yang, M.-Q. Jiang, L.-H. Dai, Y.-J. Wang, J. C.
Dyre, I. Douglass, and P. Harrowell. Assessing the util-
ity of structure in amorphous materials. J. Chem. Phys.,
150:114502, 2019.

[47] Zhen-Ya Zhou, Qun Yang, and Hai-Bin Yu. Toward atomic-
scale understanding of structure-dynamics-properties rela-
tions for metallic glasses. Progress in Materials Science,
145:101311, 2024.

[48] Simon J. L. Billinge and Igor Levin. The problem with
determining atomic structure at the nanoscale. Science,
316(5824):561–565, 2007.

[49] Y. K. Yuan, D. S. Kim, J. H. Zhou, D. J. Chang, F. Zhu, Y. Na-
gaoka, Y. Yang, M. Pham, S. J. Osher, O. Chen, P. Ercius,
A. K. Schmid, and J. W. Miao. Three-dimensional atomic
packing in amorphous solids with liquid-like structure. Na-
ture Materials, 21(1):95–102, 2022.

[50] A. Wang and L. Zou. Persistent homology for structural char-
acterization in disordered systems. Phys. Rev. E, 111:045306,
2025.

[51] Tero Mäkinen, Anshul DS Parmar, Silvia Bonfanti, and
Mikko J Alava. Bayesian exploration of the composition space
of cuzral metallic glasses for mechanical properties. npj Com-
putational Materials, 11(1):96, 2025.

[52] Andrea Brognara, James P Best, Philippe Djemia, Damien
Faurie, Gerhard Dehm, and Matteo Ghidelli. Effect of com-
position and nanostructure on the mechanical properties and
thermal stability of zr100-xcux thin film metallic glasses. Ma-
terials & Design, 219:110752, 2022.

[53] Bosong Li, Vladislav Yakubov, Keita Nomoto, Simon P.
Ringer, Bernd Gludovatz, Xiaopeng Li, and Jamie J. Kruzic.
Superior mechanical properties of a Zr-based bulk metallic
glass via laser powder bed fusion process control. Acta Mate-
rialia, 266:119685, 2024.

[54] Lena Thorsson, Mattias Unosson, María Teresa Pérez-Prado,
Xueze Jin, Paola Tiberto, Gabriele Barrera, Bastian Adam,
Nico Neuber, Amirhossein Ghavimi, Maximilian Frey, Ralf
Busch, and Isabella Gallino. Selective laser melting of a fe-si-
cr-b-c-based complex-shaped amorphous soft-magnetic elec-
tric motor rotor with record dimensions. Materials & Design,
215:110483, 2022.

[55] John P Perdew, Kieron Burke, and Matthias Ernzerhof. Gen-



33

eralized gradient approximation made simple. Physical review
letters, 77(18):3865, 1996.

[56] Murray S Daw and Michael I Baskes. Embedded-atom
method: Derivation and application to impurities, surfaces,
and other defects in metals. Physical Review B, 29(12):6443,
1984.

[57] Michael P Allen and Dominic J Tildesley. Computer simula-
tion of liquids. Oxford university press, 2017.

[58] Jörg Behler. Atom-centered symmetry functions for construct-
ing high-dimensional neural network potentials. The Journal
of chemical physics, 134(7), 2011.

[59] D. Richard, M. Ozawa, S. Patinet, E. Stanifer, B. Shang, S. A.
Ridout, B. Xu, G. Zhang, P. K. Morse, J.-L. Barrat, L. Berthier,
M. L. Falk, P. Guan, A. J. Liu, K. Martens, S. Sastry, D. Van-
dembroucq, E. Lerner, and M. L. Manning. Predicting plastic-
ity in disordered solids from structural indicators. Phys. Rev.
Mater., 4:113609, Nov 2020.

[60] Gerhard Jung, Rinske M Alkemade, Victor Bapst, Daniele
Coslovich, Laura Filion, François P Landes, Andrea J Liu,
Francesco Saverio Pezzicoli, Hayato Shiba, Giovanni Volpe,
et al. Roadmap on machine learning glassy dynamics. Nature
Reviews Physics, pages 1–14, 2025.

[61] Christopher A Schuh, Todd C Hufnagel, and Upadrasta Ra-
mamurty. Mechanical behavior of amorphous alloys. Acta
Materialia, 55(12):4067–4109, 2007.

[62] VV Bulatov and AS Argon. A stochastic model for continuum
elasto-plastic behavior. i. numerical approach and strain local-
ization. Modelling and Simulation in Materials Science and
Engineering, 2(2):167, 1994.

[63] Michael L Falk and James S Langer. Dynamics of viscoplas-
tic deformation in amorphous solids. Physical Review E,
57(6):7192, 1998.

[64] Eric R Homer and Christopher A Schuh. Mesoscale modeling
of amorphous metals by shear transformation zone dynamics.
Acta Materialia, 57(9):2823–2833, 2009.

[65] Jun Ding, Sylvain Patinet, Michael L Falk, Yongqiang Cheng,
and Evan Ma. Soft spots and their structural signature in a
metallic glass. Proceedings of the National Academy of Sci-
ences, 111(39):14052–14056, 2014.

[66] Zoe Budrikis, David Fernandez Castellanos, Stefan Sandfeld,
Michael Zaiser, and Stefano Zapperi. Universal features of
amorphous plasticity. Nature communications, 8(1):15928,
2017.

[67] A. Nicolas, E. E. Ferrero, K. Martens, and J.-L. Barrat. De-
formation and flow of amorphous solids: Insights from elasto-
plastic models. Rev. Mod. Phys., 90:045006, 2018.

[68] Neng Wang, Jun Ding, Feng Yan, Mark Asta, Robert O
Ritchie, and Lin Li. Spatial correlation of elastic heterogene-
ity tunes the deformation behavior of metallic glasses. npj
Computational Materials, 4(1):19, 2018.

[69] Yuchi Wang, Yuchu Wang, Chaoyi Liu, Jinwoo Hwang, Yue
Fan, and Yunzhi Wang. Atomistically informed mesoscale
modelling of deformation behavior of bulk metallic glasses.
Acta Materialia, 276:120136, 2024.

[70] Jinn P Chu, JSC Jang, JC Huang, HS Chou, Y Yang, JC Ye,
YC Wang, JW Lee, FX Liu, PK Liaw, et al. Thin film metallic
glasses: Unique properties and potential applications. Thin
Solid Films, 520(16):5097–5122, 2012.

[71] Pakman Yiu, Wahyu Diyatmika, Niklas Bönninghoff, Yi-Chi
Lu, Bo-Zhang Lai, and Jinn P Chu. Thin film metallic glasses:
Properties, applications and future. Journal of applied physics,
127(3), 2020.

[72] YH Liu, T Fujita, A ea Hirata, S Li, HW Liu, W Zhang, A In-
oue, and MW Chen. Deposition of multicomponent metal-

lic glass films by single-target magnetron sputtering. Inter-
metallics, 21(1):105–114, 2012.

[73] Ching-Yen Chuang, Jyh-Wei Lee, Chia-Lin Li, and Jinn P
Chu. Mechanical properties study of a magnetron-sputtered
zr-based thin film metallic glass. Surface and Coatings Tech-
nology, 215:312–321, 2013.

[74] Matteo Ghidelli, S Gravier, J-J Blandin, P Djemia, Frédéric
Mompiou, G Abadias, J-P Raskin, and Thomas Pardoen. Ex-
trinsic mechanical size effects in thin zrni metallic glass films.
Acta Materialia, 90:232–241, 2015.

[75] A Etiemble, C Der Loughian, M Apreutesei, Cyril Lan-
glois, Sandrine Cardinal, Jean-Marc Pelletier, J-F Pierson, and
Philippe Steyer. Innovative zr-cu-ag thin film metallic glass
deposed by magnetron pvd sputtering for antibacterial applica-
tions. Journal of Alloys and Compounds, 707:155–161, 2017.

[76] Sergey V Ketov, Rastko Joksimovic, Guoqiang Xie, Artem
Trifonov, Kazue Kurihara, and Dmitri V Louzguine-Luzgin.
Formation of nanostructured metallic glass thin films upon
sputtering. Heliyon, 3(1), 2017.

[77] Matteo Ghidelli, Andrey Orekhov, A Li Bassi, Giancarlo Ter-
raneo, Philippe Djemia, Gregory Abadias, Magnus Nord, Ar-
mand Béché, Nicolas Gauquelin, Johan Verbeeck, et al. Novel
class of nanostructured metallic glass films with superior and
tunable mechanical properties. Acta Materialia, 213:116955,
2021.

[78] Francesco Bignoli, Alex Lemarchand, Szilvia Kalácska, Do-
minique Thiaudiere, Philippe Djemia, Damien Faurie, An-
drea Li Bassi, and Matteo Ghidelli. Extending mechanical size
effect range of thin film metallic glasses by nanoengineering
their atomic and nanostructure. Acta Materialia, page 121456,
2025.

[79] Chunyu Guo, Yini Fang, Bin Wu, Si Lan, Guo Peng, Xun-
li Wang, Horst Hahn, Herbert Gleiter, and Tao Feng. Ni-p
nanoglass prepared by multi-phase pulsed electrodeposition.
Materials Research Letters, 5(5):293–299, 2017.

[80] VS Saji. Electrodeposition in bulk metallic glasses. materialia.
3: 1–11, 2018.

[81] Jinyang Li, Gustavo Doubek, Lyndsey McMillon-Brown, and
André D Taylor. Recent advances in metallic glass nanostruc-
tures: synthesis strategies and electrocatalytic applications.
Advanced materials, 31(7):1802120, 2019.

[82] Tian Li, Ke Ma, and Guangping Zheng. The effects of glass–
glass interfaces on thermodynamic and mechanical properties
of co–fe–p metallic nano-glasses. Journal of Materials Re-
search, 36(24):4951–4962, 2021.

[83] Tian Li, Nana Li, Rongxue Luo, and Guangping Zheng.
Thermodynamic and mechanical properties of co-fe-ni-zn-p
multicomponent metallic nanoglasses: Some insight into the
entropy-stabilized glass-glass interfaces. International Jour-
nal of Minerals, Metallurgy and Materials, 2025.

[84] Volker Schnabel, B Nagamani Jaya, Mathias Köhler, Denis
Music, Christoph Kirchlechner, Gerhard Dehm, Dierk Raabe,
and Jochen M Schneider. Electronic hybridisation implica-
tions for the damage-tolerance of thin film metallic glasses.
Scientific Reports, 6(1):36556, 2016.

[85] QL Bi, YJ Lü, and WH Wang. Multiscale relaxation dynam-
ics in ultrathin metallic glass-forming films. Physical Review
Letters, 120(15):155501, 2018.

[86] Dongchan Jang and Julia R Greer. Transition from a strong-
yet-brittle to a stronger-and-ductile state by size reduction of
metallic glasses. Nature materials, 9(3):215–219, 2010.

[87] H Guo, PF Yan, YB Wang, J Tan, ZF Zhang, ML Sui, and
E Ma. Tensile ductility and necking of metallic glass. Nature
materials, 6(10):735–739, 2007.



34

[88] AL Greer, YQ Cheng, and E Ma. Shear bands in metal-
lic glasses. Materials Science and Engineering: R: Reports,
74(4):71–132, 2013.

[89] Cury Suryanarayana. Mechanical alloying and milling.
Progress in materials science, 46(1-2):1–184, 2001.

[90] Y Yang, JC Ye, J Lu, FX Liu, and PK Liaw. Effects of spec-
imen geometry and base material on the mechanical behav-
ior of focused-ion-beam-fabricated metallic-glass micropil-
lars. Acta materialia, 57(5):1613–1623, 2009.

[91] Morgana Martin Trexler and Naresh N Thadhani. Mechani-
cal properties of bulk metallic glasses. Progress in Materials
Science, 55(8):759–839, 2010.

[92] Navid Sohrabi, Jamasp Jhabvala, and Roland E Loge. Ad-
ditive manufacturing of bulk metallic glasses—process, chal-
lenges and properties: a review. Metals, 11(8):1279, 2021.

[93] Cheng Zhang, Di Ouyang, Simon Pauly, and Lin Liu. 3d print-
ing of bulk metallic glasses. Materials Science and Engineer-
ing: R: Reports, 145:100625, 2021.

[94] Shantanu V Madge and A Lindsay Greer. Laser addi-
tive manufacturing of metallic glasses: issues in vitrification
and mechanical properties. Oxford Open Materials Science,
1(1):itab015, 2021.

[95] Di Ouyang, Pengcheng Zhang, Cheng Zhang, and Lin Liu.
Understanding of crystallization behaviors in laser 3d printing
of bulk metallic glasses. Applied Materials Today, 23:100988,
2021.

[96] Haolin Jia, Hua Sun, Hongze Wang, Yi Wu, and Haowei
Wang. Scanning strategy in selective laser melting (slm): a
review. The International Journal of Advanced Manufactur-
ing Technology, 113(9):2413–2435, 2021.

[97] N. Neuber, M. Frey, O. Gross, J. Baller, I. Gallino, and
R. Busch. Ultrafast scanning calorimetry of newly devel-
oped au-ga bulk metallic glasses. J. Phys.: Condens. Matter,
32(324001):32, 2020.

[98] M. Frey, N. Neuber, M. Müller, O. Gross, S. S. Riegler,
I. Gallino, and R. Busch. Determining and modelling a
complete time-temperature-transformation diagram for a pt-
based metallic glass former through combination of conven-
tional and fast scanning calorimetry. Scripta Materialia,
215:114710, 2022.

[99] R. Busch and I. Gallino. On the kinetic, thermodynamics
and structure of bulk metallic glass forming liquids. JOM,
69:2178–2186, 2017.

[100] O. Gross, S. S. Riegler, M. Stolpe, B. Bochtler, A. Kuball,
S. Hechler, R. Busch, and I. Gallino. On the high glass-
forming ability of pt-cu-ni/co-p-based liquids. Acta Mater.,
141:109–119, 2017.

[101] M. Palumbo and L. Battezzati. Thermodynamics and kinetics
of metallic amorphous phases in the framework of the calphad
approach. Calphad, 32(2):295–314, 2008.

[102] Wenhao Ma, Julian Gebauer, Andreas Klaus Czerny,
Maryam Rahimi Chegeni, Isabella Gallino, Ralf Busch, and
Hans Jürgen Seifert. Thermodynamic assessment of the sulfur
and the nickel-sulfur systems. Calphad, 89:102821, 2025.

[103] Maryam Rahimi Chegeni, Wenhao Ma, Sascha S. Riegler,
Amirhossein Ghavimi, Magnus Rhode, Fan Yang, Hans-
Jürgen Seifert, Isabella Gallino, and Ralf Busch. Thermody-
namic analysis and modeling of Pd-Ni-S bulk metallic glass-
forming system. Acta Materialia, accepted April 2025:000,
2025.

[104] X. Monnier, D. Cangialosi, B. Ruta, R. Busch, and I. Gallino.
Vitrification decoupling from a-relaxation in a metallic glass.
Sci. Adv., 6(7):eaay1454, 2020.

[105] I. Gallino, D. Cangialosi, Z. Evenson, L. Schmitt, S. Hechler,

M. Stolpe, and B. Ruta. Hierarchical aging pathways and re-
versible fragile-to-strong transition upon annealing of a metal-
lic glass former. Acta Mater., 144:400–410, 2018.

[106] V. Di Lisio, I. Gallino, S.S. Riegler, M. Frey, N. Neuber,
G. Kumar, J. Schroers, R. Busch, and D. Cangialosi. Size
dependent vitrification in metallic glasses. Nature Commun.,
14:4698, 2023.

[107] Virginie M. Boucher, Daniele Cangialosi, Huajie Yin, Andreas
Schoenhals, Angel Alegria, and Juan Colmenero. T g de-
pression and invariant segmental dynamics in polystyrene thin
films. Soft Matt., 8:5119–5122, 2012.

[108] H.-B. Yu, W. H. Wang, H. Y. Bai, and K. Samwer. The
b -relaxation in metallic glasses. Natl. Sci. Rev., 1:429–461,
2014.

[109] I. Gallino and R. Busch. Relaxation pathways in metallic
glasses. JOM, 69:2171–2177, 2017.

[110] H.-B. Yu, R. Richert, and K. Samwer. Structural rear-
rangements governing Johari-Goldstein relaxations in metallic
glasses. Sci. Adv., 3:e1701577, 2017.

[111] L. Gao, H.-B. Yu, T. B. Schrøder, and J. C. Dyre. Unified
percolation scenario for the a and b processes in simple glass
formers. Nat. Phys., 21:471–480, 2025.

[112] B. Ruta, Y. Chushkin, G. Monaco, L. Cipelletti, E. Pineda,
P. Bruna, V. M. Giordano, and M. Gonzalez-Silveira. Atomic-
scale relaxation dynamics and aging in a metallic glass probed
by x-ray photon correlation spectroscopy. Phys. Rev. Lett.,
109:165701, Oct 2012.

[113] Zach Evenson, Beatrice Ruta, Simon Hechler, Moritz Stolpe,
Eloi Pineda, Isabella Gallino, and Ralf Busch. X-ray photon
correlation spectroscopy reveals intermittent aging dynamics
in a metallic glass. Phys. Rev. Lett., 115:175701, Oct 2015.

[114] S. Hechler, B. Ruta, M. Stolpe, E. Pineda, Z. Evenson,
O. Gross, W. Hembree, A. Bernasconi, R. Busch, and
I. Gallino. Microscopic evidence of the connection between
liquid-liquid transition and dynamical crossover in an ultra-
viscous metallic glass former. Phys. Rev. Mater., 2:085603,
2018.

[115] N. Neuber, O. Gross, M. Frey, B. Bochtelr, A. Kuball,
H. Hechler, F. Yang, E. Pineda, F. Westermeier, M Sprung,
F. Schäfer, I. Gallino, R. Busch, and B. Ruta. Disentangling
structural and kinetic components of the a-relaxation in super-
cooled metallic liquids. Commun. Phys., 5(324001):32, 2022.

[116] Antoine Cornet, Gaston Garbarino, Federico Zontone, Yuriy
Chushkin, Jeroen Jacobs, Eloi Pineda, Thierry Deschamps,
Shubin Li, Alberto Ronca, Jie Shen, Guillaume Morard, Nico
Neuber, Maximilian Frey, Ralf Busch, Isabella Gallino, Mo-
hamed Mezouar, Gavin Vaughan, and Beatrice Ruta. Denser
glasses relax faster: Enhanced atomic mobility and anomalous
particle displacement under in-situ high pressure compression
of metallic glasses. Acta Materialia, 255:119065, 2023.

[117] O. S. Narayanaswamy. A model of structural relaxation in
glass. J. Amer. Ceram. Soc., 54:491–498, 1971.

[118] G. W. Scherer. Relaxation in Glass and Composites. Wiley,
New York, 1986.

[119] T. Hecksher, N. B. Olsen, and J. C. Dyre. Communica-
tion: Direct tests of single-parameter aging. J. Chem. Phys.,
142:241103, 2015.

[120] G. B. McKenna and S. L. Simon. 50th anniversary perspec-
tive: Challenges in the dynamics and kinetics of glass-forming
polymers. Macromolecules, 50:6333–6361, 2017.

[121] B. Ruta, E. Pineda, and Z. Evenson. Relaxation processes and
physical aging in metallic glasses. J. Phys.: Condens. Matter,
29:503002, 2017.

[122] B. Riechers, L. A. Roed, S. Mehri, T. S. Ingebrigtsen, T. Heck-



35

sher, J. C. Dyre, and K. Niss. Predicting nonlinear physical
aging of glasses from equilibrium relaxation via the material
time. Sci. Adv., 8:eabl9809, 2022.

[123] T. Böhmer, J. P. Gabriel, L. Costigliola, J.-N. Kociok, T. Heck-
sher, J. C. Dyre, and T. Blochowicz. Time reversibility during
the ageing of materials. Nat. Phys., 20:637–648, 2024.

[124] Peihao Sun, Jacopo Baglioni, Beatrice Baraldi, Weilong Chen,
Daniele Lideo, Lara Piemontese, Francesco Dallari, Marco
Di Michiel, and Giulio Monaco. A low-background setup
for in-situ x-ray total scattering combined with fast scanning
calorimetry, 2025.

[125] Isabella Gallino. On the fragility of bulk metallic glass form-
ing liquids. Entropy, 19(9):483, 2017.

[126] G. Adam and J. H. Gibbs. On temperature dependence of
cooperative relaxation properties in glass-forming liquids. J.
Chem. Phys., 43:139–146, 1965.

[127] J. C. Dyre, T. Hecksher, and K. Niss. A brief critique of the
Adam-Gibbs entropy model. J. Non-Cryst. Solids, 355:624–
627, 2009.

[128] C. H. Rycroft and E. Bouchbinder. Fracture toughness of
metallic glasses: Annealing-induced embrittlement. Physical
Review Letters, 109(19):194301, 2012.

[129] Jittisa Ketkaew, Wen Chen, Hui Wang, Amit Datye, Meng
Fan, Gabriela Pereira, Udo D. Schwarz, Ze Liu, Rui Yamada,
Wojciech Dmowski, Mark D. Shattuck, Corey S. O’Hern,
Takeshi Egami, Eran Bouchbinder, and Jan Schroers. Me-
chanical glass transition revealed by the fracture toughness of
metallic glasses. Nature Communications, 9(1):3271, 2018.

[130] Yujun Xie, Xi Huang, Arindam Raj, Xiaoqing Li, Rohan
Dhall, Mehdi Balooch, Andy Minor, Jan Schroers, and Pe-
ter Hosemann. Strengthening of zr-based metallic glass at low
dose helium ion irradiation. Journal of Nuclear Materials,
592:154943, 2024.

[131] B. S. Li, K. Nomoto, S. H. Xie, S. P. Ringer, B. Gludovatz,
and J. J. Kruzic. Controlling the relaxation versus rejuve-
nation behavior in zr-based bulk metallic glasses induced by
elastostatic compression. Materials Science and Engineering
A, 855, 2022.

[132] Miguel B. Costa and A. Lindsay Greer. Enthalpy of anelas-
ticity and rejuvenation of metallic glasses. Acta Materialia,
265:119609, 2024.

[133] S. V. Ketov, Y. H. Sun, S. Nachum, Z. Lu, A. Checchi, A. R.
Beraldin, H. Y. Bai, W. H. Wang, D. V. Louzguine-Luzgin,
M. A. Carpenter, and A. L. Greer. Rejuvenation of metallic
glasses by non-affine thermal strain. Nature, 524(7564):200–
203, 2015.

[134] Jittisa Ketkaew, Rui Yamada, Hui Wang, Derek Kuldinow,
Benjamin Sol Schroers, Wojciech Dmowski, Takeshi Egami,
and Jan Schroers. The effect of thermal cycling on the fracture
toughness of metallic glasses. Acta Materialia, 184:100–108,
2020.

[135] X. L. Bian, D. Zhao, J. T. Kim, D. Sopu, G. Wang, R. Pip-
pan, and J. Eckert. Controlling the distribution of structural
heterogeneities in severely deformed metallic glass. Materials
Science and Engineering A, 752:36–42, 2019.

[136] C. Ebner, B. Escher, C. Gammer, J. Eckert, S. Pauly, and
C. Rentenberger. Structural and mechanical characterization
of heterogeneities in a cuzr-based bulk metallic glass pro-
cessed by high pressure torsion. Acta Materialia, 160:147–
157, 2018.

[137] M. Stolpe, J. J. Kruzic, and R. Busch. Evolution of shear
bands, free volume and hardness during cold rolling of a zr-
based bulk metallic glass. Acta Materialia, 64:231–240, 2014.

[138] S. H. Xie and J. J. Kruzic. Cold rolling improves the fracture

toughness of a zr-based bulk metallic glass. Journal of Alloys
and Compounds, 694:1109–1120, 2017.

[139] B. S. Li, S. Scudino, B. Gludovatz, and J. J. Kruzic. Role
of pre-existing shear band morphology in controlling the frac-
ture behavior of a zr-ti-cu-ni-al bulk metallic glass. Materials
Science and Engineering A, 786:139396, 2020.

[140] B. S. Li, H. S. Shahabi, S. Scudino, J. Eckert, and J. J. Kruzic.
Designed heterogeneities improve the fracture reliability of a
zr-based bulk metallic glass. Materials Science and Engineer-
ing A, 646:242–248, 2015.

[141] S. Scudino, J. J. Bian, H. S. Shahabi, D. Sopu, J. Sort, J. Eck-
ert, and G. Liu. Ductile bulk metallic glass by controlling
structural heterogeneities. Scientific Reports, 8:9174, 2018.

[142] J. P. Best, Z. Evenson, F. Yang, A. C. Dippel, M. Stolpe,
O. Gutowski, M. T. Hasib, X. P. Li, and J. J. Kruzic. Struc-
tural periodicity in laser additive manufactured zr-based bulk
metallic glass. Applied Physics Letters, 115(3), 2019.

[143] Y. H. Liu, G. Wang, R. J. Wang, D. Q. Zhao, M. X. Pan, and
W. H. Wang. Super plastic bulk metallic glasses at room tem-
perature. Science, 315(5817):1385–1388, 2007.

[144] M. Mohr, Y. Dong, G. P. Bracker, R. W. Hyers, D. M. Mat-
son, R. Zboray, R. Frison, A. Dommann, A. Neels, X. Xiao,
J. Brillo, R. Busch, R. Novakovic, P. Srirangam, and H.-J.
Fecht. Electromagnetic levitation containerless processing of
metallic materials in microgravity: thermophysical properties.
npj Microgravity, 9:34, 2023.

[145] T. Kordel, D. Holland-Moritz, F. Yang, J. Peters, T. Unruh,
T. Hansen, and A. Meyer. Neutron scattering experiments
on liquid droplets using electrostatic levitation. Phys. Rev. B,
83:104205, 2011.

[146] Moritz Stolpe, Isabell Jonas, Shuai Wei, Zach Evenson,
William Hembree, Fan Yang, Andreas Meyer, and Ralf
Busch. Structural changes during a liquid-liquid transition
in the deeply undercooled Zr58:5Cu15:6Ni12:8Al10:3Nb2:8 bulk
metallic glass forming melt. Phys. Rev. B, 93:014201, Jan
2016.
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