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A B S T R A C T

Amorphous solids exhibit structural short-range order despite lacking long-range crystalline order, with this 
structural descriptor found to be important for determining mechanical properties. Nanobeam electron 
diffraction offers a potential route for experimental characterization of structural short-range order, yet efforts to 
date have been primarily qualitative in nature. In this work, machine learning approaches based on transfer 
learning are used to enable quantitative analysis of nanobeam electron diffraction data from amorphous solids. A 
ResNet-18 model is trained on simulated diffraction patterns taken from different locations within simulated 
metallic glasses and amorphous grain boundary complexions in the Cu–Zr alloy system that were created with 
hybrid molecular dynamics and Monte Carlo simulations. The disorder parameter is found to be a superior target 
structural descriptor compared to traditional Voronoi indices for this task. The model achieves a low validation 
mean absolute error across diffraction patterns corresponding to different interaction volumes, demonstrating 
excellent performance and potential transferability. Testing was performed using other simulated nanobeam 
electron diffraction data as well as experimental nanobeam electron diffraction patterns, showing that the model 
can reliably capture spatial variations in local structural state. As a whole, this framework is able to overcome the 
challenges in the quantitative experimental characterization of structural short-range order, enabling improved 
characterization of amorphous solids and the exploration of structure-property relationships.

1. Introduction

Amorphous solids are materials characterized by a lack of the long- 
range order typically seen in crystalline materials. Despite the absence 
of structural periodicity, amorphous solids exhibit unique properties due 
to their underlying local structural arrangement (e.g., see Ref. [1]), 
which can be referred to as structural short-range order (SSRO). One 
example of amorphous solids are metallic glasses, which have attracted 
significant research interest since they were first reported in 1960 [2]. 
Compared to their crystalline counterparts, metallic glasses are notable 
for their mechanical properties, such as high strength [3–8] and elastic 
limit [9–12]. At the same time, their practical applications are often 
restricted by their limited toughness [13,14], tensile ductility [15,16], 
and fatigue endurance [17,18]. The interplay between these properties 
and SSRO has been shown to be critical. First, SSRO is closely connected 
to the yielding behavior and shear band propagation in metallic glasses 
[19,20]. Atomic motifs such as full icosahedra are known to exhibit low 
potential energy, which enhances the strength and stability of metallic 

glasses [21]. Meanwhile, a higher concentration of densely packed 
icosahedra motifs suppresses atomic mobility, thereby reducing 
ductility [22]. Furthermore, the spatial heterogeneity of SSRO creates 
regions with varying atomic packing density, which can act either as 
crack barriers or as stress concentrators. In contrary to full icosahedra, 
geometrically unfavored motifs (GUMs), associated with higher poten
tial energies and lower atomic packing fractions, can facilitate local 
atomic rearrangement under stress [23,24]. While such motifs 
contribute to a degree of plasticity, they also promote strain localization 
and propagation of shear bands, ultimately decreasing the toughness 
and fracture resistance of metallic glasses [25–27]. These relationships 
between SSRO and mechanical properties show the critical role of SSRO 
in the design of practical amorphous solids.

Amorphous grain boundary complexions, where amorphous inter
granular films are formed through solute segregation between two 
crystals, are another example of a promising amorphous solid. For 
example, amorphous grain boundary complexions in nanocrystalline 
alloys have been shown to improve toughness and ductility by acting as 

* Corresponding author at: Department of Materials Science and Engineering, Johns Hopkins University, Baltimore, MD 21218, USA.
E-mail address: tim.rupert@jhu.edu (T. J.Rupert). 

Contents lists available at ScienceDirect

Computational Materials Science

journal homepage: www.elsevier.com/locate/commatsci

https://doi.org/10.1016/j.commatsci.2026.114902
Received 29 January 2026; Received in revised form 16 June 2026; Accepted 28 June 2026  

Computational Materials Science 272 (2026) 114902 

0927-0256/© 2026 Elsevier B.V. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 

mailto:tim.rupert@jhu.edu
www.sciencedirect.com/science/journal/09270256
https://www.elsevier.com/locate/commatsci
https://doi.org/10.1016/j.commatsci.2026.114902
https://doi.org/10.1016/j.commatsci.2026.114902


damage tolerant interfacial features [28,29]. Mechanical testing of 
amorphous-crystalline nanocomposites demonstrates a similar simulta
neous improvement of both strength and ductility [30,31]. Amorphous 
grain boundary complexions can act as strong dislocation sinks [32], 
reducing local stress concentration and resist crack nucleation at the 
interface [33]. Even subtle patterning of SSRO can be important for the 
mechanical behavior of amorphous complexions. For example, the 
asymmetry of SSRO between the amorphous-crystalline transition re
gions (ACTRs) on either side of the complexion were found to dramat
ically affect damage tolerance [34]. Similarly, amorphous grain 
boundary and interphase complexions were shown to provide superior 
radiation damage tolerance in Cu–Ta alloys compared to ordered 
boundaries, which was attributed to a heterogeneous distribution of 
excess atomic volume that facilitated more efficient defect recombina
tion and annihilation [35].

While the importance of SSRO is clear, efforts to study such features 
are often restricted to atomistic simulations. Case in point, all of the 
literature examples discussed above relied on molecular dynamics (MD) 
simulations to probe the internal structure of amorphous solids. In an 
atomistic simulation, one can directly discuss SSRO because all atomic 
positions are known and local atomic packing can be directly observed 
and measured. In contrast, experimental study of SSRO remains chal
lenging due to inherent difficulties in directly observing and quantifying 
nanoscale structural arrangements. High resolution transmission elec
tron microscopy (TEM) has been used to analyze chemical short-range 
order of crystalline alloys [36–38], as the resolution of a TEM is fine 
enough to visualize sub-nanometer features, yet the lack of translational 
symmetry in amorphous solids and the fact that TEM images are two- 
dimensional projections from a three-dimensional volume means that 
SSRO cannot be directly extracted from regular imaging. Complemen
tary techniques such as atomic pair distribution function analysis can 
provide structural information on a global scale, yet cannot resolve local 
SSRO or its patterning that builds the overall amorphous network [39].

Nanobeam electron diffraction (NBED) is promising for measuring 
SSRO and uses a small, focused electron beam to probe local atomic 
arrangements. For example, Hirata et al. [40,41] identified geometric 
frustrated motifs in metallic glasses by comparing experimental NBED 
patterns with simulated diffraction data and finding qualitative simi
larities. As the beam size increases and large atomic volumes are probed, 
the diffraction pattern acquired gradually converges toward the halo 
rings seen in regular electron diffraction [40], meaning a small beam is 
required for probing SSRO. If information on the spatial distribution of 
local packing is sought, NBED patterns can be taken at every position 
across a two-dimensional grid in the sample through a technique known 
as four-dimensional scanning transmission electron microscopy (4D- 
STEM) [42]. NBED patterns and, by extension, 4D-STEM datasets are 
rich in information, yet are not easily converted into the same metrics 
one can take from atomistic simulations. Recent efforts have explored 
the use machine learning (ML) techniques to analyze NBED data from 
both crystalline and amorphous solids [43–46]. For example, Kang et al. 
[47] performed ML-assisted pair distribution function analysis to cate
gorize a 4D-STEM dataset into local structural types. However, classi
fication models do not distinguish between the different types of SSRO 
one can find in amorphous regions. Bruefach et al. [48] used unsuper
vised non-negative matrix factorization to extract features from raw 
diffraction patterns, which does not require prior knowledge but re
quires image calibration, yet the extracted features require additional 
analysis to interpret. Consequently, there remains a need for a regression 
model capable of directly extracting a quantitative metric for SSRO from 
NBED patterns. Such a model would effectively bridge the gap between 
computational and experimental investigations of SSRO, and enable 
large-scale spatial mapping of structural order/disorder within amor
phous solids.

In this work, an ML framework is designed to predict local SSRO from 
NBED patterns in the form of a local disorder parameter. By selecting a 
disorder parameter based on bond-orientation order [49], the model can 

capture the gradient of local SSRO in amorphous solids in terms of a 
metric that is commonly used in atomistic simulations. To ensure the 
robustness of our neural network in identifying diffraction patterns 
across varying disorder levels, the model is tested against a number of 
amorphous-crystalline configurations including amorphous grain 
boundary complexions and amorphous-crystalline composites. Addi
tional validation is performed on experimental NBED patterns from the 
literature. As a whole, this study establishes a reliable approach for 
analyzing and interpreting complex diffraction patterns from NBED of 
amorphous solids.

2. Methods

2.1. Computational models

To generate labeled diffraction patterns for supervised learning, we 
first created a set of atomistic Cu–Zr structures spanning the order- 
disorder spectrum from crystalline to fully amorphous. Hybrid molec
ular dynamics/Monte Carlo (MD/MC) simulations were performed 
using the Large-scale Atomic/Molecular Massively Parallel Simulator 
(LAMMPS) software [50] with an integration time step of 1 fs for all MD 
runs. Atomic interactions were modeled using the semi-empirical po
tential developed by Mendelev et al. [51] for the vitrification of Cu–Zr 
glasses.

Amorphous grain boundary complexions were simulated and used as 
the primary source of training structures because they exhibit pro
nounced SSRO gradients that transition from crystalline order in the 
grain interiors to amorphous structure within the complexion interior, 
passing through an intermediate structure along the way [52]. The 
simulation starts with a Cu–Cu bicrystal, in which the two face- 
centered cubic (FCC) grains are oriented in [110,001] along the X-di
rection, respectively, and both in [110] along the Z-direction. The 
bicrystal was heated to and maintained at 1000 K for 100,000 steps 
using isothermal-isobaric (NPT) time integration, before being doped 
with 2 at.% Zr through hybrid MD/MC simulations using the variance 
constrained semi-grand canonical (VG-SGC) ensemble. MC swaps were 
attempted every 100 MD steps, and the chemical potential was adjusted 
accordingly to control Zr concentration every 1000 MD steps, with a 
total of 3,000,000 MD steps performed. The structure after minimization 
were visualized with OVITO software [53], as shown in Fig. 1(a) and (b). 
The simulation cell measured 104.07 nm in X-direction, 6.28 nm in Y- 
direction and 41.71 nm in Z-direction. Common neighbor analysis 
(CNA) was used to identify crystalline and defect regions. A zoomed 
view of the grain boundary region is shown in Figs. 1(c) and (d), where a 
fully amorphous structure that is heavily doped with Zr and approxi
mately 8.7 nm thick along the X-direction is observed. In Fig. 1(c), a few 
atoms appear yellow, signifying the identification of an icosahedral 
structure. Fig. 1(e)-(g) shows the radial distribution functions (RDFs) of 
different regions in the grain boundary complexions. The amorphous 
regions exhibit a strong first-neighbor peak at ~2.7 Å and lack the long- 
range periodic peak structure characteristic of the crystalline region, 
further confirming that the structure is amorphous.

Amorphous-crystalline composite models were created to test the 
transferability of the model. Begin with bulk Cu crystals as the starting 
structure, spherical regions with radii of 4× or 3× the lattice parameter 
of Cu were kept frozen, while the remainder of the sample was doped by 
converting 36% of the atoms to Zr and melted by heating the system to 
2000 K. The system was held at this temperature and everything except 
the small frozen crystalline regions became liquid. The samples were 
then cooled to 700 K with a quenching rate of 100 K/ns. Next, the 
nanocrystals were released from their frozen state, and the system was 
further equilibrated at 700 K for 2 ns. Finally, the entire system was 
cooled to 300 K at the same rate with a quenching rate of 100 K/ns. An 
additional sample was created following the same procedure, with the 
nanocrystals rotated with respect to one another. The final amorphous- 
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crystalline nanocomposite samples are shown in Figs. 1(h)-(j), where 
small crystalline regions (green) are seen scattered throughout an 
amorphous matrix (white). The RDFs for the amorphous matrices of 
those composites also show a first-neighbor peak at ~2.7 Å and confirm 
their amorphous structures, but are not shown here for brevity.

2.2. SSRO analysis

The quenched system was analyzed with multiple techniques to 
evaluate SSRO. One of these is Voronoi tessellation, which partitions 
space into polyhedra by assigning each point to the atom to which it is 
closest. The resulting Voronoi polyhedron around an atom provides a 
geometry-based description of its local atomic environment. A common 
way to describe each polyhedron is by a Voronoi index in the form <n3, 
n4, n5, n6>, where ni represents the number of faces in the polyhedron 
with i edges [54]. Representative examples of characteristic Voronoi 
polyhedra include FCC with index 〈0,12,0,0〉 and icosahedron with 
index 〈0,0,12,0〉. In this work, Voronoi analysis is primarily used to track 
how SSRO varies spatially, which is useful for identifying regions such as 
the ACTR. However, Voronoi indices do not provide a unique or 
continuous measure of similarity between environments, and motifs 
with similar indices are not necessarily structurally similar. To mitigate 
the impact of small faces on the validity of Voronoi index, an edge length 
threshold of 0.6 Å was applied here.

Local SSRO can also be characterized by descriptors calculated from 
bond-orientation order [49,55,56]. Many atomistic studies of grain 
boundary structure employ a disorder parameter, di, which provides a 
measure of where a structure falls on the order-disorder spectrum. First, 
a normalized complex vector consisting of components Ŷ lm = Ylm/|Ylm|

for each atom is computed, where Ylm is the average of the spherical 
harmonics Ylm. Next, the degree of similarity between an atom i and its 
neighbors is given by: 

sij =
∑l

m=− l

Ŷ lm(i)Ŷ
*
lm(j) (1) 

The disorder parameter of atom i is then given by: 

di = 1 −

⃒
⃒sij

⃒
⃒

Ni
(2) 

where Ni denotes the number of neighboring atoms. Ni was chosen to be 
12 in this work because bulk Cu and Zr both have this coordination 
number in their crystalline states. The disorder parameter measures the 
average dissimilarity between an atom and its neighbors, such that a 
value of 0 corresponds to crystalline phases and a value of 1 indicates 
pure liquid that is fully disordered [56]. To provide comparison, a 
reduced bond-orientational order was also computed as follows: 

1 − Ql = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
4π

2l + 1
∑l

m=− l
YlmY*

lm

√

(3) 

In this case, l is set to 6. This reduced form is for the convenience of 
assessing the degree of disorder in a manner analogous to the disorder 
parameter.

2.3. Simulated diffraction and ML analysis

Simulated diffraction patterns were generated using the compute saed 
command in LAMMPS [57], which computes k-space scattering intensity 
from the atomic coordinates within a user-defined real-space sampling 
region. Diffraction meshes of regions in three types of geometry were 
sampled (1) one-layer cluster, which consists of a center atom and its 
neighbors, (2) cylinder, and (3) ellipsoid. Detailed discussion of 
diffraction region geometries will be presented below in the Results and 
Discussion section. Cylindrical regions approximate a localized probe of 

Fig. 1. (a, b) Front view of the equilibrated amorphous grain boundary complexion sample. (c, d) Enlarged views of the amorphous grain boundary complexions 
formed between the crystalline Cu grains. Radial distribution functions for the (e) crystal interior, (f) amorphous-crystalline transition region (ACTR), and (c) 
complexion interior of the amorphous grain boundary complexions. Metallic glasses containing nanocrystals with radii of (h) 4× the lattice parameter of Cu and 
varied orientations, (i) 4× the lattice parameter of Cu and aligned orientations, and (j) 3× the lattice parameter of Cu and aligned orientations. (a, c, h-j) are colored 
by CNA while (b, d) are colored by particle type, with legends provided in the figure.
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collimated electrons passing through a specimen of finite thickness, 
where the cylinder height is analogous to the thickness of a TEM spec
imen and the cylinder diameter is analogous to the effective electron 
probe diameter. The ellipsoidal interaction volume shape represents an 
imperfect or defective version of the cylindrical shape. To mimic a 4D- 
STEM scan and to generate sufficient statistics across different regions, 
the centers of the sampled interaction volumes were placed on a regular 
grid with a step size of 2.5 Å in the scan direction. As this step size is 
smaller than the effective probe diameters considered in some cases, 
neighboring interaction volumes can overlap. This overlap is inten
tional, since it yields smoothly varying averages of di across the ACTR 
while still producing distinct diffraction patterns due to changes in the 
local atomic configuration within the interaction volume. In an experi
mental setting, the appropriate choice of step size depends on the probe 
diameter and desired spatial resolution and, in some instances, very 
small probe sizes and step sizes have been reported. For example, Hirata 
et al. reported NBED probe sizes on the order of 0.36 nm in metallic 
glasses [41], while Gao et al. demonstrated 4D-STEM measurements 
with a probe diameter of about 0.6 Å and scan step sizes down to 0.2 Å in 
a 4D-STEM workflow [58]. Our simulation-based scan corresponds to a 
small-step and oversampled acquisition intended to probe sensitivity to 
gradual SSRO variations.

Unless otherwise noted, diffraction patterns were generated using a 

maximum scattering vector of kmax = 1.0 Å− 1 with a reciprocal space 
mesh spacing of Δk = 0.015 Å− 1. For the one-layer clusters, complete 
diffraction meshes were computed, from which diffraction patterns were 
sampled by slicing along different zone axes. For the cylinder and 
ellipsoid regions, diffraction meshes with zone axis parallel to the 
shape's major axis were computed and the diffraction patterns were then 
obtained by slicing the diffraction mesh perpendicular to the zone axis. 
The raw intensity values were then log-transformed and normalized to 
the [0,1] range before used as ML inputs. The resulting images were 
cropped or resampled to 133 × 133 pixels, corresponding to a k-space 
field-of-view set by kmax and Δk. In the context of an experiment, kmax 
provides the effective outer collection angle (i.e., the highest spatial 
frequency included, analogous to a camera length dependent k-range), 
while Δk sets the reciprocal space sampling resolution.

To expedite the training process of a highly accurate model, transfer 
learning technique was used. A pre-trained ResNet-18 [59], capable of 
classifying 1000 classes on ImageNet, was further trained for 400 epochs 
using the Adam [60] optimizer with a learning rate of 0.001 and mean 
absolute error (MAE) loss. A learning rate scheduler was applied to 
reduce the learning rate by half on plateau. Additional details and dis
cussion of the model will be presented below in the Results and Dis
cussion section.

Fig. 2. (a) Visualization of an amorphous grain boundary complexion in Cu–Zr. Distributions of the (b) <0, 10, 2, 0 > and < 0, 2, 10, 0 > Voronoi polyhedra with 
Cu as the central atom, (c) disorder parameter di, and (d) reduced bond-orientational order 1 – Q6. For (c) and (d), the center line and the upper and lower bounds 
represent, respectively, the mean, 95th percentile, and 5th percentile of all data points within a 2 Å sliding window centered at each position (±1 Å). The two grains 
are denoted G-1 and G-2, while the beginning and end of the ACTRs were chosen based on the positions where <0, 10, 2, 0 > and < 0, 2, 10, 0 > polyhedra emerge, 
respectively.
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3. Results and discussion

To begin, it is important to establish an understanding of the ground 
truth for SSRO within the modeled materials. Here, an amorphous grain 
boundary complexion is used as a representative example, since it 
contains both ordered and disordered regions. Fig. 2 shows the spatial 
variation of the three SSRO descriptors across the complexion sample: 
(1) the distribution of representative Voronoi polyhedra, (2) the disor
der parameter di, and (3) the reduced bond-orientational order (1 – Q6). 
Starting with the Voronoi polyhedra, which have been extensively used 
in the computational study of SSRO in various types of amorphous solids 
[19,61–65], Cu is chosen as the central atom since it is the dominant 
atom present while the 〈0,10,2,0〉 and 〈0,2,10,0〉 motifs are specifically 
shown since they are close to the well-defined FCC and icosahedral 
structures. The <0, 10, 2, 0 > polyhedra predominantly appear as two 
peaks near the ACTRs, while the 〈0,2,10,0〉 polyhedra are present only in 
the complexion interior. Fig. 3 shows a more detailed description of the 
amorphous complexion with the eight most frequent non-FCC Voronoi 
motifs shown. The ACTR is primarily filled with the <0, 10, 2, 0 > and <
0, 8, 4, 0 > polyhedra, dominating the regions where X-position ranges 
from around 185 to 193 Å and from 277 to 286 Å. The ACTR regions 
appear slightly less than 1 nm in width in this figure, although this is a 
superposition of the actual width (~5 Å) plus some interfacial roughness 
that is added in such an averaged profile. In contrast, these motifs fall to 
very low densities in the complexion interior, where the other six 
visualized motifs are more plentiful.

Fig. 2(b) and Fig. 3 show that Voronoi polyhedra can be used to 
identify the ACTR and complexion interior, yet the use of Voronoi 
indices as an overall SSRO descriptor presents several challenges. First, a 
cluster of atoms can contain a number of distinct Voronoi indices due to 
the heterogeneity of local atomic arrangements in amorphous solids, 
meaning the assignment of a single value to the region is not possible. 
Second, there are a large number of Voronoi indices. Fig. 3 shows the 
spatial density of the eight most frequent Voronoi polyhedra excluding 
FCC, yet this only represents 27.53% of the Cu atoms in the complexion. 
A total of 816 different motifs would need to be considered to fully 
describe the SSRO of the Cu atoms, making direct prediction of Voronoi 
indices impractical. If one where to include the Zr atoms, which have 
different baseline descriptions, even more motifs would need to be 
treated. This also highlights a common limitation of computational 
studies that is often overlooked. If Voronoi index is used to describe the 
local structure in an atomistic modeling study, the analysis often is 

limited to one atomic species because this enables an easy comparison. 
In an atomic scale model where one can simply ignore other species, this 
works, yet experimental signals will include all atoms. Classification 
models are possible yet lack the ability to describe specific structural 
states. However, amorphous regions with different degree of disorder 
are indistinguishable with such a scheme, meaning there is an over
simplification of atomic environments resulting in a loss of data gran
ularity. Although it is possible to categorize Voronoi polyhedra into finer 
groups, such as the twelve building-block groups proposed by Weeks 
and Flores [66] or ordered and disordered classifications introduced by 
Garg and Rupert [67], details are still suppressed and an incomplete 
picture of SSRO would result. In addition, when mapping diffraction 
patterns to SSRO, the orientation dependence of local structure can 
create instability if discrete Voronoi indices are used as regression tar
gets, because motifs that are geometrically similar can produce notice
ably different diffraction patterns depending on distortion and viewing 
direction, and vice versa, distinct motifs can yield diffraction patterns 
with similar apparent symmetries. For example, a 〈0,10,2,0〉 motif is 
structurally close to an ideal FCC <0, 12, 0, 0 > motif, yet its diffraction 
pattern can differ significantly due to geometric frustration and local 
distortion. Conversely, different packing motifs, including distorted 
icosahedral environments, can display similar 2-fold or 6-fold symme
tries when viewed along certain orientations [41].

To overcome these limitations, the disorder parameter di (Fig. 2(c)) 
and the reduced bond-orientational order parameter 1 – Q6 (Fig. 2(d)) 
were explored as possible candidates for SSRO descriptor within an ML 
analysis environment. First and foremost, a successful descriptor must 
identify the key structural signatures of interest. The moving average 
(center line) of both di and 1 – Q6 show similar trends across the 
amorphous grain boundary complexion. They begin at a nearly constant 
value within FCC regions, increase monotonically across the ACTR, and 
eventually reach a plateau within the complexion interior. However, the 
reduced bond-orientational order parameter ranges from approximately 
0.40 to 0.75 in the complexion interior. Given that the reduced bond- 
orientational order parameter for FCC is 0.42, this descriptor provides 
a limited ability to distinguish between crystalline and amorphous re
gions, let alone comment on differences in SSRO. In contrast, the lowest 
data points from di stay above 0.6 in the complexion interior, signifi
cantly differing from both the ACTR and the FCC grain interior. Disorder 
parameter thus provides an interpretable metric of disorder, ranging 
from 0 in the crystal to a mean value near 1 in the complexion interior. 
Additionally, for larger diffraction volumes, the gradients exhibited in 

Fig. 3. Spatial density variations of the eight most frequent Voronoi motifs in the model (excluding FCC motifs) with Cu as the center atom along the thickness 
direction in the amorphous grain boundary complexion.
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the moving average di suggest that the average di of atomic clusters are 
still distinguishable between each other. It is important to note that the 
size of atomic cluster needs to be small enough to not wash out the 
signal, which will be discussed later as different diffraction volumes are 
probed.

Finally, for the disorder parameter to be a promising candidate as an 
SSRO descriptor, it must be able to distinguish the features of interest in 
an amorphous solid. As mentioned earlier, previous studies have high
lighted the importance of certain groups of Voronoi motifs on me
chanical properties. Fig. 4(a) shows the distribution of di for different 
Voronoi polyhedra categorizations: FCC, ordered, intermediate, and 
disordered. Here, the term “ordered” refers to motifs with n4 ≥ 8, n5 ≤ 4 
and n5 = 0, including <0, 10, 2, 0 > and < 0, 8, 4, 0 > plus a few others, 
based on their (1) geometric similarity with FCC motifs (〈0,12,0,0〉) and 
(2) spatial dominance in the ACTR [52]. Similarly, “disordered” motifs 
refer to Voronoi polyhedra with n4 ≤ 2, n5 ≥ 10 and n = 0, such as 
〈0,0,12,0〉 (icosahedron), <0, 2, 10, 0 > (distorted icosahedron) and a 
few others that exist mostly in the disordered complexion interior. 
Starting from the FCC motifs, 98.9% of them have a di lower than 0.01. 
The outliers are located near the amorphous-crystalline interface, as 
their di shows the contextual information of their atomic environment 
that is missing in Voronoi analysis. While the atoms are part of the 
crystal, the region nearby is distorted. The median di of ordered and 
disordered motifs are 0.290 and 0.915, respectively, clearly separating 
the two populations. By minimizing the total error rate when separating 
the ordered and disordered motif groups, an empirical threshold of di =

0.768 was obtained for this dataset. Although the di for ordered motifs 
exist over a broader range, 91.38% of the ordered amorphous motifs 
have a di lower than 0.768, while 96.43% of the disordered amorphous 
motifs have a di higher than 0.768.

The remaining, non-FCC polyhedra are referred to as “intermediate” 
motifs, which fill up the remaining space in amorphous structures. 
Among these are the motifs previously referred to as GUMs, which are 
geometrically unfavored for space tiling and energetically less stable 
[68,69]. There are of course hundreds of others that have no special 
name. The disorder parameter value for the intermediate structures, 
being neither completely ordered nor disordered, falls at intermediate 
values between those extreme yet important cases.

The complexions themselves provide another way to further examine 
the rigor of the disorder parameter, as the ACTR and complexion in
teriors are noticeably different. Fig. 4(b) presents the di distribution in 
the crystalline grains, ACTR, and complexion interior. A distinct signal 
in di can be found between the ACTR and the complexion interior, as 
their median values are 0.304 and 0.863, respectively. Using the 

empirical threshold of 0.768 discussed in the previous paragraph, 92.2% 
of polyhedra in the ACTR have a di lower than the threshold and 73.5% 
of polyhedra in the complexion interior have a di higher than the 
threshold. Some level of overlap here is to be expected, as a number of 
SSRO motifs are observed both in the ACTR and complexion interior. In 
other words, these regions are different yet do have features in common. 
Both the comparison of ordered and disordered packing motifs as well as 
the comparison of different interfacial environments show that the dis
order parameter is capable of characterizing important variations in 
SSRO.

To build a model capable of predicting disorder parameter, the 
framework shown in Fig. 5 was trained with simulated diffraction pat
terns from different positions across the amorphous grain boundary 
complexion. ResNet-18, a deep convolution neural network (CNN) 
featuring residual connections, was chosen in this task to because of its 
generalizability and fast convergence [59]. To accelerate model 
training, each iteration was initialized with weights pre-trained with 
ImageNet dataset and then these models continued being trained with 
simulated diffraction dataset. Each dataset consisted of simulated 
diffraction patterns with a size of 133⨉133 pixels that were computed 
from regions of three types of geometries (crystalline, ACTR, and 
complexion interior). The datasets for one-layer cluster, cylinder, and 
ellipsoid interaction volumes had 58,593, 57720, and 137,493 unique 
diffraction patterns, respectively. Datasets were shuffled and randomly 
split into training and validation subsets using a fraction of 0.8 and 0.2. 
Data augmentation was performed during the training phase by 
randomly applying transforms including rotation, random contrast, 
Gaussian noise, and random sharpness. While random rotations enforce 
rotation invariance, the other transforms introduce artificial noises to 
improve model's generalizability on experimental images. We note that 
these pro-processing steps could be revisited if one wanted to closely 
match the pre-processing of a specific 4D-STEM workflow, such as 
masking central transmitted beam.

To ensure the generalizability of the model and examine the limits on 
input diffraction patterns, it is necessary to connect the simulation 
volumes used to create the simulated diffraction patterns. Here, we 
explored three types of effective diffraction volumes: one-layer cluster, 
cylinder, and ellipsoid. The one-layer cluster contains only a central 
atom and its nearest neighbors, thus representing the smallest volume 
where one can describe SSRO. In contrast, the cylindrical and ellipsoidal 
shapes include collections of atoms within a finite interaction volume, in 
an attempt to be more representative of experimental NBED conditions 
where the recorded diffraction intensity arises from multiple atoms in 
the beam path. It is important to note that even though multiple atoms in 

Fig. 4. Distribution of the disorder parameter di according to (a) prior classification schemes from [67] and (b) the location within the amorphous grain boundary 
complexion. The boxes represent the first quartile to third quartile range, with a center line in orange representing the median. The whiskers extend 1.5 times the 
interquartile range from the boxes. Data points marked as circles denote the outliers lying outside of the end of the whiskers. In (b), crystalline atoms were identified 
by CNA, while the criteria used to define the ACTR and complexion interior (CI) are described in Supplementary Note 2.

J. Wu and T. J.Rupert                                                                                                                                                                                                                         Computational Materials Science 272 (2026) 114902 

6 



a finite interaction volume are studied, SSRO is still the focus. Disorder 
parameter is calculated based on first-nearest neighbor packing, so it is 
inherently a measure of SSRO. The interaction volumes define which 
atoms contribute to the signal, yet we are still only extracting infor
mation about the SSRO distribution. Medium-range order, or the con
nectivity of atomic clusters over larger length scales, is not studied here. 

The cylindrical volume approximates a collimated electron beam 
traversing a thin TEM sample but introduces a sharp boundary, whereas 
the ellipsoidal volume provides a smoother boundary and mimics the 
higher weighting of scattering near the center of a focused probe. The 
ellipsoidal interaction volume can be thought of as a defective version of 
the perfect cylindrical interaction volume, and here is only used to 

Fig. 5. Schematic illustration of machine learning analysis of an NBED dataset. Simulated diffraction patterns of regions sampled from different positions within the 
amorphous grain boundary complexion sample are used as inputs into a ResNet-18 model consisting of an initial convolution layer and pooling layer, 4 residual 
blocks with skip connections, and a fully connected output layer that transform high-dimensional data into predictions for disorder parameter di.

Fig. 6. Kernel density estimate plots comparing predicted and true values for the validation set of the ML model trained with simulated diffraction patterns from (a) 
one-layer clusters, (b) cylinders, (c) ellipsoids, and (d) a combined set of cylinders and ellipsoids. The black dashed diagonal indicates perfect agreement between 
prediction and ground truth. The coefficient of determination and root mean square error are reported on each subfigure. The outer contour corresponds to the kernel 
density threshold of 0.015.
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provide insight into the effect of choosing a different interaction volume 
geometry. Future work could re-train the model using whatever inter
action volume size and geometry most closely fits the details of a specific 
set of electron microscopy experiments. Fig. 6 shows the performance of 
models trained with three different effective diffraction volumes, with 
coefficient of determination and root mean square error annotated on 
each. The models trained with cylindrical and ellipsoidal volumes have 
better performance (Fig. 6(b-d)) than models trained with the one-layer 
clusters (Fig. 6(a)), as confirmed by their coefficient of determination 
(R2) and root mean square error (RMSE). In general though, all pre
dictions are relatively robust. This is a positive outcome, as real NBED 
experiments will obtain a signal from more than a single atomic envi
ronment, with the cylindrical and ellipsoidal shapes representing simple 
models of typical electron beam interaction volumes. In contrast, the 
model for NBED of one-layer clusters is less physically realistic. Both 
cylindrical and ellipsoidal model perform well, with the model trained 
on cylindrical diffraction volumes slightly outperforming the one 
trained on ellipsoidal regions. Even for highly disordered regions where 
di > 0.7, the vast majority of data is still along the unity line. The 
interpretation of the magnitude of a predictive error generally lies in 
whether one can distinguish the behavior that is being studied. As such, 
we can define an acceptable error here as one that is much smaller than 
the variations in the physically meaningful environments we are 
studying. Relevant disorder parameter variations can be considered 
from Fig. 4. From Fig. 4 (a), the disorder parameter data without outliers 
for atoms in the “disordered” category spans ~0.25. Alternatively, from 
Fig. 4(b), the disorder parameter data without outliers for atoms in the 
complexion interior spans ~0.5. As such, all of the RMSE value for the 
models with different geometries are much smaller than this, and 
therefore can distinguish different SSRO environments across amor
phous complexions and other amorphous states. We also note that these 
are much smaller than the differences between the key structural states 
in the complexions (mean values of disorder parameter for the crystal is 
~0, ACTR is ~0.3, and complexion interior is ~0.86 in Fig. 4(b)), so the 
different regions can be identified based on disorder parameter as well. 
Notably, the disordered regions mostly reside in the complexion interior 
and the deviations from predicted values are small, meaning the model 
can still tell the different regions of the amorphous complexion apart. 
Due to better performance and closer connection to experimental probe 
geometry, we focus on the cylinder-trained model for the remainder of 
the manuscript.

To further investigate the impact of effective diffraction volume 
geometry, this time in terms of experimental conditions such as beam 
size and sample thickness, the performance of the model trained with 
cylinders of different dimensions is plotted in Fig. 7. We reiterate that 
these dimensions only describe the volume over which a collection of 
atomic disorder parameters is averaged, meaning that SSRO from local 
regions remains the focus. A base CNN model with three convolutional 

layers and two fully connected output layers (Fig. 7(a)) was used for 
comparison with a model that used the pretrained ResNet-18 model 
(Fig. 7(b)). Error is shown in RMSE, to be consistent with the other 
discussion of prediction errors in this study. For a given cylinder radius, 
intermediate values of cylinder height (i.e., sample thickness) were 
found to have the lowest loss. It is worth noting that while loss appears 
to be smaller for the highest height values as compared to the very small 
height values, this is primarily due to the diffraction patterns containing 
information from larger volumes and therefore converging toward a 
more averaged state that is easier to predict but also less useful. The 
observation that intermediate heights are best is consistent with 
experimental reports of NBED patterns with varying beam sizes. Small 
beam sizes were found to be difficult to interpret due to orientational 
dependence and spatial variation, while large beam size results in trivial 
halo rings [40]. However, ResNet-18 degrades much less severely in this 
small-volume regime, suggesting that it is better able to extract SSRO 
features when the effective probe size is small.

The model was tested on simulated diffraction patterns not presented 
in the training dataset to understand its ability to predict unseen con
figurations. Fig. 8 shows predictions of SSRO along two strips in amor
phous grain boundary complexion samples where Fig. 8(a) comes from 
the grain boundary used for training, thus providing a baseline expec
tation for how well the model can perform, while Fig. 8(b) is from 
another grain boundary not used for training. The model was tested on 
simulated diffraction patterns not presented in the training dataset to 
understand its ability to predict unseen configurations. The predicted di 
profile of unseen images remain quantitatively aligned with the ground 
truth, with an overall RMSE of 0.0313, as shown in Fig. 8(b). When 
separated by region, the RMSE values for the crystalline volume, the 
ACTR, and the complexion interior are 0.0107, 0.0334, and 0.0385, 
respectively. Although the predicted profile does not perfectly repro
duce ground truth values everywhere in the unseen data, the low error 
levels indicate that the model captures the local structural state with 
good accuracy. Even the locations with the largest deviations in the 
complexion interior are well within the expected values for the 
complexion interior motifs shown in Fig. 4(b) and would be classified as 
“disordered” according to Fig. 4(a). Within the complexion interior, di 
reaches a plateau and the local fluctuations in di are comparatively small 
relative to the strong gradient across the ACTR. The crystalline regions 
yield the lowest RMSE since there is little variation in the local structural 
packing in a crystal (nearly perfect FCC packing, with at worst small 
elastic strains). Notably, the strong quantitative agreement in the ACTR, 
where SSRO variations are largest and most structurally meaningful, 
supports the conclusion that the model generalizes across distinct 
amorphous complexion configurations and is capable of identifying 
subtle changes in SSRO. For example, within the ACTRs in Fig. 4(b), it 
can also identify the subtle yet important asymmetry in SSRO between 
the two sides of the complexion. Specifically, ACTR-3 has a mean di of 
0.2767 and is predicted as 0.3035, while ACTR-4 has a higher mean di of 
0.3903 and is predicted as 0.3829. The ACTRs have been identified as 
particularly important in past works. For example, after creating 
amorphous grain boundary complexions with MD/MC simulations, Garg 
and Rupert [67] found that the SSRO in the ACTRs can be predicted by 
the incompatibility between the confining grains, described by the grain 
boundary strain. The analysis tool presented here will enable comple
mentary experimental studies of these features.

To further test the usefulness of the model, simulated diffraction 
patterns from amorphous crystalline composites were tested. For these 
samples, the final nanocrystal diameters were ~ 2.5 nm and ~ 1.7 nm 
for the models that were created with initial radii of 4× and 3× the 
lattice parameter of Cu. Because the quench rate in MD is far above 
experimental values, the resulting glassy matrices can be less structur
ally relaxed and can contain excess free volume. The frozen-nanocrystal 
approach imposes the size and placement of crystalline regions without 
explicit nucleation and growth, so the resulting interfacial strain fields 
are physically plausible but do not correspond to a specific processing 

Fig. 7. Performance heatmap with respect to different cylindrical diffraction 
interaction volumes for (a) base CNN model and (b) the pretrained ResNet-18 
model, with error shown as RMSE.
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pathway. As a result, these composites may exhibit SSRO that differs 
from experimentally annealed glasses, but they provide a controlled set 
of amorphous–crystalline environments for testing the model's trans
ferability. Fig. 9 shows the predicted versus true disorder parameter 
from profiles taken across these samples, with one pathway crossing the 
embedded nanocrystals (Fig. 9(a)-(c)) and another crossing the 
amorphous-amorphous interface in the composites (Fig. 9(d)-(f)). The 
predictions generally closely align with the true di in all scans. When 
crossing the nanocrystals, the disorder parameter drops precipitously, 
although not exactly to zero. This is due to the regions sampled for 
simulated diffraction having a height of 20 Å, which exceeds the 
diameter of the nanocrystals. The effect is more obvious for the smaller 
nanocrystals in Fig. 9(c). When moving across the amorphous- 
crystalline interfaces, disorder parameter drops as this feature is more 
ordered than the amorphous matrix, yet only reaches intermediate 
values. Disorder parameters that are similar to those measured in the 
ACTRs in Fig. 4(b) are observed. The errors between predicted and true 
values generally are larger for the sample with smaller nanocrystals, 
likely due to the fact that interface curvature is more pronounced in 
these specimens. The ability to provide accurate descriptors of 
embedded nanocrystals and their interfaces in amorphous-crystalline 
composites is missing from experiments, yet has been a focus of 
computational work. For example, Brandl et al. [70] investigated these 
features in layered amorphous-crystalline composites with MD simula
tions, finding that significant distortion can occur which can stabilize 
and trap dislocations at the interfacial plane. The ability to quantify the 
structure of the amorphous-crystalline interfaces will also enrich com
bined computational experimental studies such as those pioneered by 
Abdelmawla et al. [71]. The ability to quantify and spatially map local 
SSRO in amorphous materials with NBED patterns could be used in the 
future to test hypotheses about amorphous materials, such as the para
crystalline model discussed in the work of Voyles et al. [72], by enabling 
quantitative tests of motif connectivity and spatial heterogeneity. While 
diffraction-derived approaches commonly used in NBED and 4D-STEM, 
such as radial fitting of amorphous halos or comparing Bragg-like in
tensity to diffuse scattering, would be expected to show similar spatial 
trends to the di maps here, our workflow provides a simulation-native 
and directly interpretable SSRO descriptor that enables direct 

comparison with atomistic modeling. Symmetry-specific approaches 
such as correlation symmetry analysis can be complementary to relate 
disorder magnitude to specific local symmetry signatures in future work 
[73].

To validate the model's ability to extract disorder parameter from 
experimental NBED images, the model was tested on published data on 
metallic glasses. Fig. 10(a) shows representative images from the three 
datasets used here. The first two come from an arc melted Zr50Cu50 
metallic glass, where Islam et al. [74] were interested in the classifica
tion of medium-range order with different symmetries. As such, this data 
is subdivided into patterns with either 2-fold or 6-fold symmetry. It is 
worth noting that the presence of symmetry does not necessarily mean a 
structure is ordered. For example, Hirata et al. [41] showed clear sym
metries in distorted icosahedral packing motifs that were generally very 
disordered. The third dataset comes from a Zr50Cu40Al10 metallic glass 
that was investigated with NBED while being relaxed near its glass 
transition temperature by Nakazawa et al. [75]. Fig. 10(b) presents the 
predicted disorder parameter for each dataset, with all predictions being 
relatively disordered and appropriate for a glassy structure. The values 
for the two Zr50Cu50 sets are similar and have relatively high values, yet 
the mean values of the two predictions are distinguishable and differ by 
~0.01. Icosahedral motifs have both 2- and 6-fold symmetries and thus a 
high value is reasonable. The Zr50Cu40Al10 sample that is undergoing 
relaxation has lower disorder parameters, consistent with the idea that 
the relaxation process allows the atomic structure to find more ordered 
configurations. Although there are only limited statistics in this dataset 
(six NBED patterns from three distinct times), longer relaxation times 
result in lower values of the disorder parameter. While the ground truths 
cannot be known here, it is promising that the values measured here (1) 
fall within the expected ranges for amorphous solids and (2) are 
distinguishable for different glasses, comparing the Zr50Cu50 and 
Zr50Cu40Al10 alloys. Future investigations with NBED, particularly those 
involving known ground truths which display a gradient from ordered 
crystalline to disordered states, such amorphous grain boundary com
plexions, would greatly enhance model validation. In addition, it is 
important to note that the current model was only trained on Cu–Zr 
glasses structures and does not account for variations in the scattering 
factors among different atomic species. Thus, further research, such as 

Fig. 8. Predicted and true di profiles for simulated diffraction patterns taken from two strips across amorphous complexions (a) used for training and (b) not used for 
training. The regions highlighted in pink correspond to the ACTRs. For each data point, the value of the disorder parameter is the average of each atom-by-atom di 
value in the region. All diffraction patterns were generated using a cylindrical interaction volume with radius r = 5 Å and height h = 20 Å. Cylinder centers were 
sampled with a 2.5 Å step size, leading to overlapping interaction volumes between neighboring positions. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)
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the construction of a comprehensive database, is crucial for systems with 
substantial atomic size mismatches.

4. Summary and conclusions

An ML-driven analysis approach was created to quantify SSRO in 
amorphous solids using NBED and 4D-STEM data. By moving beyond 
analysis limited to discrete atomic motifs, our regression-based model 
uses the disorder parameter di to provide a continuous and interpretable 
metric of SSRO. Through transfer learning with ResNet-18, the model 
accurately predicts disorder parameter profiles using varied diffraction 
volume geometries, including cylinders and ellipsoids that compare 
favorably to experimental reality. In addition, the dependence on the 
geometry of the diffraction volume was probed to identify optimal 
combinations of radius and height, providing guidance for future ex
periments. The model was validated on unseen amorphous grain 
boundary complexions and amorphous-crystalline composite structure, 
with excellent agreement between predictions and true values, demon
strating that the framework is transferable. When applied to external 

experimental NBED datasets, the model correctly identified structural 
relaxation trends and symmetry-related disorder levels, confirming its 
potential for experimental applications. Future research will focus on 
expanding the training database to include a broader range of alloy 
systems with diverse atomic size mismatches and scattering factors. The 
analysis framework developed here will enable experimental mapping 
of SSRO in amorphous solids, ultimately aiding in the rational design of 
amorphous alloys with tailored performance.
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